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Abstract 
Australia has experienced pronounced climate change since 1950, especially in forested 
areas where a reducing trend in annual precipitation has occurred. However, the 
interaction between forests and water at multiple scales, in different geographical 
locations, under different management regimes and in different forest types with diverse 
species is not fully understood. Therefore, some interactions between forests and 
hydrological variables, and in particular whether the changes are mediated by 
management or climate, remain controversial. This thesis investigates the responses of 
Australia’s terrestrial ecosystems to both historical and projected climate change using 
remote sensing data and ecohydrological models. The thesis is structured in seven 
chapters, and contains five research chapters. 
Vegetation dynamics and sensitivity to precipitation change on the Australian continent 
for the past long drought period (2002-2010) are explored in Chapter 2 using multi-
resource vegetation indices (VIs; normalized difference vegetation index (NDVI) and leaf 
area index (LAI)) and gridded climate data. During drought, precipitation and VIs 
declined across 90% and 80% of the whole continent, respectively, compared to the 
baseline period of 2000-2001. The most dramatic declines in VIs occurred in open 
shrublands near the centre of Australia and in southwestern Australia coinciding with 
significant reductions in precipitation and soil moisture. Overall, a strong relationship 
between water (precipitation and soil moisture) and VIs was detected in places where the 
decline in precipitation was severe. For five major vegetation types, cropland showed the 
highest sensitivity to water change, followed by grassland and woody savanna. Open 
shrublands showed moderate sensitivity to water change, while evergreen broadleaf 
forests only showed a slight sensitivity to soil moisture change. Although there was no 
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consistent significant relationship between precipitation and VIs of evergreen broadleaf 
forests, forests in southeastern Australia, where precipitation had declined since 1997, 
appear to have become more sensitive to precipitation change than in southwestern 
Australia.  
The attribution of impacts from climate change and vegetation on streamflow change at 
the catchment scale for southwestern Australia are described in Chapter 3. This region is 
characterized by intensive warming and drying since 1970. Along with these significant 
climate changes, dramatic declines in streamflow have occurred across the region. Here, 
69 catchments were analyzed using the Mann-Kendall trend test, Pettitt’s change point 
test, and the theoretical framework of the Budyko curve to study changes in the rainfall-
runoff relationship, and effects of climate and vegetation change on streamflow. A 
declining trend and relatively consistent change point (2000) of streamflow were found 
in most catchments, with over 39 catchments showing significant declines (p < 0.05, -79% 
to -21%) between the two periods of 1982-2000 and 2001-2011. Most of the catchments 
have been shifting towards a more water-limited climate condition since 2000. Although 
streamflow is strongly related to precipitation for the period of 1982 to 2011, change of 
vegetation (land cover/use change and growth of vegetation) dominated the decrease in 
streamflow in about two-thirds of catchments. The contributions of precipitation, 
temperature and vegetation to streamflow change for each catchment varied with different 
catchment characters and climate conditions.  
In Chapter 4, the magnitude and trend of water use efficiency (WUE) of forest ecosystems 
in Australia, and their response to drought from 1982 to 2014, were analyzed using a 
modified version of the Community Atmosphere Biosphere Land Exchange (CABLE) 
land surface model in the BIOS2 modelling environment. Instead of solely relying on the 
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ratio of gross primary productivity (GPP) to evapotranspiration (ET) as WUE (GPP/ET), 
the ratio of net primary productivity (NPP) to Transpiration (ETr) (NPP/ETr) was also 
adopted to more comprehensively understand the response of vegetation to drought. For 
the study period, national average annual forest WUE was 1.39 ± 0.80 g C kg−1 H2O for 
GPP/ET and 1.48 ± 0.28 g C kg−1 H2O for NPP/ETr. The WUE increased in the entire 
study area during this period (with a rate of 0.003 g C kg−1 H2O yr
-1 for GPP/ET; p < 
0.005 and a rate of 0.0035 g C kg−1 H2O yr
-1 for NPP/ETr; p < 0.01), whereas different 
trends were detected in different biomes. A significantly increasing trend of annual WUE 
was only found in woodland areas due to higher magnitudes of increases in GPP and NPP 
than ET and ETr. The exception was in eucalyptus open forest area where ET and ETr 
decreased more than reductions in GPP and NPP. The response of WUE to drought was 
further analyzed using 1-48 month scales standardised precipitation-evapotranspiration 
index (SPEI). More severe (SPEI < -1) and frequent droughts (over ca. 8 years) occurred 
in the north than in the southwest and southeast of Australia since 1982. The response of 
WUE to drought varied significantly regionally and across forest types. The response of 
WUE to drought varied significantly regionally and across forest types, due to the 
different responses of carbon sequestration and water consumption to drought. The 
cumulative lagged effect of drought on monthly WUE derived from NPP/ETr was 
consistent and relatively short and stable between biomes (< 4 months), but notably varied 
for WUE based on GPP/ET, with a long time lag (mean of 16 months).  
As Chapters 2-4 confirmed that climate change has been playing an important role in the 
water yield and vegetation dynamics in Australia, the response of water yield and carbon 
sequestration to projected future climate change scenarios were integrated using the 
Water Supply Stress Index and Carbon model (WaSSI-C) ecohydrology model in Chapter 
5. This model was calibrated with the latest water and carbon observations from the 
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OzFlux network. The performance of the WaSSI-C model was assessed with measures 
of Q from 222 Hydrologic Reference Stations (HRSs) in Australia. Across the 222 HRSs, 
the WaSSI-C model generally captured the spatial variability of mean annual and monthly 
Q as evaluated by the Correlation Coefficient (R2 = 0.1-1.0), Nash-Sutcliffe Efficiency 
(NSE = -0.4-0.97), and normalized Root Mean Squared Error by Q (RMSE/Q = 0.01-2.2). 
Then 19 Global Climate Models (GCMs) from the Coupled Model Intercomparison 
Project phase 5 (CMIP5), across all Representative Concentration Pathways (RCPs) 
(RCP2.6, RCP4.5, RCP6.0 and RCP8.5), were used to investigate the potential impacts 
of climate change on water and carbon fluxes. Compared with the baseline period of 
1995-2015 across the 222 HRSs, the temperature was projected to rise by an average of 
0.56 to 2.49 ˚C by 2080, while annual precipitation was projected to vary significantly. 
All RCPs demonstrated a similar spatial pattern of change of projected Q and GPP by 
2080, however, the magnitude varied widely among the 19 GCMs. Overall, future climate 
change may result in a significant reduction in Q but may be accompanied by an increase 
in ecosystem productivity. Mean annual Q was projected to decrease by 5 - 211 mm yr-1 
(34% - 99%) by 2080, with over 90% of the watersheds declining. On the contrary, GPP 
was projected to increase by 17 - 255 g C m-2 yr-1 (2% - 17%) by 2080 in comparison 
with 1995-2015 in southeastern Australia. A significant limitation of WaSSI-C model is 
that it only runs serially. High resolution simulations at the continental scale are therefore 
not only computationally expensive but also present a run-time memory burden.  
In Chapter 6, using distributed (Message Passing Interface, MPI) and shared (Open Multi-
Processing, OpenMP) memory parallelism techniques, the model was parallelized (and 
renamed as dWaSSI-C), and this approach was very effective in reducing the computing 
run-time and memory use. By using the parallelized model, several experiments were 
carried out to simulate water and carbon fluxes over the Australian continent to test the 
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sensitivity of the model to input data-sets of different resolutions, as well as the sensitivity 
of the model to its WUE parameter for different vegetation types. These simulations were 
completed within minutes using dWaSSI-C, and this would not have been possible with 
the serial version. Results show that the model is able to simulate the seasonal cycle of 
GPP reasonably well when compared to observations at 4 eddy flux sites in Australia. 
The sensitivity analysis showed that simulated GPP was more sensitive to WUE during 
the Australian summer as compared to winter, and woody savannas and grasslands 
showed higher sensitivity than evergreen broadleaf forests and shrublands. With the 
parallelized dWaSSI-C model, it will now be much easier and faster to conduct 
continental scale analyses of the impacts of climate change and land cover change on 
water and carbon. 
Overall, vegetation and water of Australian ecosystems have become very sensitive to 
climate change after a considerable decline in streamflow. Australian ecosystems, 
especially in temperate Australia, are projected to experience warmer and drier climate 
conditions with increasing drought risk. However, the prediction from different models 
varied significantly due to the uncertainty of each climate model. The impacts of different 
forest management scenarios should be studied to find the best land use pattern under the 
changing climate. Forest management methods, such as thinning and reforestation, may 
be conducted to mitigate the impacts of drought on water yield and carbon sequestration 
in the future. 
 
 
viii 
 
  
ix 
 
Acknowledgements 
Firstly, I want to express the deepest gratitude to my three supervisors - Prof. Richard 
Harper, Prof. Bernard Dell and Prof. Shirong Liu, for their valuable guidance, scholarly 
inputs and consistent encouragement throughout my candidature. Prof. Harper has been 
helping me on both my PhD research and my academic career. He gave me the greatest 
freedom in the research. Prof. Harper and Prof. Dell have helped a lot on revising my 
publications and this Thesis. I would also like to thank my international supervisor Prof. 
Liu for introducing me to the international academic society and strong support with my 
PhD research.  
I would also like to thank Dr Pengsen Sun and Prof. Ge Sun for inspiring me in my 
research. I really appreciate some scientists who co-authored my publications, including 
Dr Rebecca N. Handcock, Dr Mingfang Zhang, Dr Mohsin Ahmed Shaikh, Dr Jatin Kala, 
and Dr Stanley J. Sochacki, providing me valuable suggestions. 
I gratefully acknowledge the Murdoch University’s PhD scholarship providing me with 
the 3.5 years scholarship to make my pursuing the doctoral study possible. I also want to 
acknowledge some organizations, including Pawsey Supercomputing Centre, National 
eResearch Collaboration Tools and Resources project (Nectar), Terrestrial Ecosystem 
Research Network (TERN) and Bureau of Meteorology, for providing research resources 
and data for my research.  
Of course, I would like to thank all my friends for the precious time we spend together.  
Finally, I would like to thank my wife - Yanli Li for her unconditional love and support. 
She is like a "supervisor" of me. She always gave me the best advice when I was lost and 
hesitated. She has been supporting me on whatever she can give and encouraging me to 
 
x 
 
be better every day. The thanks also extended to my parents and sisters. They have been 
always loving and supporting me with their best wishes.  
xi 
 
List of Acronyms and Terms 
AFW Acacia Forests and Woodlands 
ANUSPLIN Thin plate spline smoothing algorithms 
AVHRR Advanced Very High Resolution Radiometer 
AWAP Australian Water Availability Project 
CABLE Community Atmosphere Biosphere Land Exchange 
CMIP5 Coupled Model Intercomparison Project phase 5 
CPU Central Processing Unit 
CRO Cropland 
DI Dryness index 
DJF Summer (December, January and February) 
DSI Drought severity index 
dWaSSI-C distributed WaSSI-C 
EBF Evergreen Broadleaf Forest 
ED Extreme decrease 
EI Evaporative index 
ENF Evergreen Needleleaf Forest 
ENSO El Niño-Southern Oscillation 
ENVI Environment for Visualizing Images 
EOF Eucalypt Open Forests 
EOW Eucalypt Open Woodlands 
ER Ecosystem Respiration 
ET Evapotranspiration 
ET0 Reference evapotranspiration  
 
xii 
 
ETr Transpiration 
EVI Enhanced vegetation index  
EW Eucalypt Woodlands 
fPAR fraction of Photosynthetically Active Radiation 
GCM Global Climate Models 
GEP Gross ecosystem productivity 
GIMMS Global Inventory Monitoring and Modeling System 
GLDAS Global Land Data Assimilation System 
GPP Gross primary productivity 
GRA Grassland     
GRACE Gravity Recovery and Climate Experiment 
HPC High-performance computing 
HRS Hydrologic Reference Station 
I/O Input and Output 
IGBP International Geosphere-Biosphere Programme 
IPCC Intergovernmental Panel on Climate Change 
JJA Winter (June July and August) 
LAI Leaf area index 
MCD12Q1 The Land Cover Type Climate Modeling Grid CMG product 
of MODIS 
MD Moderate decrease 
MI Moderate increase 
MK Mann-Kendall 
MODIS Moderate-resolution imaging spectroradiometer 
MPI Message Passing Interface 
xiii 
 
MVG Major Vegetation Groups 
NDVI Normalized difference vegetation index  
NEP Net ecosystem productivity 
NN Near normal 
NPP Net primary productivity  
NSE Nash-Sutcliffe Efficiency coefficients 
NVIS National Vegetation Information System 
OpenMP Open Multi-Processing  
OSH Open Shrubland  
P Precipitation 
p p-value 
PDSI Palmer drought severity index 
PET Potential evapotranspiration  
Q Streamflow 
r Correlation coefficient 
R2 Coefficient of determination 
RCP Representative Concentration Pathway 
rho Spearman's correlation coefficient  
RVT Rainforests and Vine Thickets 
SA Savannas 
SAC-SMA Soil Accounting Content - Soil Moisture Availibity 
SAI Standardized anomaly index  
SD Severe decrease 
SEAU Southeastern Australia 
SGI Standardised groundwater level index 
 
xiv 
 
SI Severe increase 
SM Soil moisture 
SPEI Standardized precipitation evapotranspiration index 
SPI Standardised precipitation index 
SPOT Satellite Pour l’Observation de la Terre 
 SST Indian Ocean sea surface temperature 
SWAU Southwestern Australia 
T Temperature 
TEWG Tropical Eucalypt Woodlands or Grasslands 
Tmax Maximum air temperature 
Tmean Minimum air temperature 
VIs Vegetation indices 
VPD Vapor pressure deficit 
WaSSI-C Water Supply Stress Index and Carbon model 
Wsa Woody Savannas 
WUE Water use efficiency 
 
  
xv 
 
List of Publications and Presentations during the PhD study 
Published papers 
 
Liu, N., Shaikh, M. A., Kala, J., Harper, R. J., Dell, B., Liu, S., & Sun, G. (2018). Paral-
lelization of a distributed ecohydrological model. Environmental Modelling & Soft-
ware, 101, 51-63. 
Liu, N., Harper, R., Handcock R., Evans B., Sochacki, S., Dell, B., & Liu, S. (2017). 
Seasonal timing for estimating carbon mitigation in revegetation of abandoned agri-
cultural land with high spatial resolution remote sensing. Remote Sensing, 9, 545. 
https://doi:10.3390/rs9060545. 
Liu, N., Harper, R., Dell, B., Liu, S., & Yu, Z. (2017). Vegetation dynamics and rainfall 
sensitivity for different vegetation types of the Australian continent in the dry period 
2002-2010. Ecohydrology, 10:e1811. https://doi.org/10.1002/eco.1811 
Zhang, M., Liu, N., Harper, R., Li, Q., Liu, K., Wei, X., & Liu, S. (2016). A global review 
on hydrological responses to forest change across multiple spatial scales: importance 
of scale, climate, forest type and hydrological regime. Journal of Hydrology, 546, 
44-59. http://doi.org/10.1016/j.jhydrol.2016.12.040. 
 
Presentations at conferences 
 
Liu, N., et al. Projecting water yield and ecosystem productivity to climate change across 
the Australia continent. 12th International Congress of Ecology. 21 - 25 August 2017. 
Beijing, China 
Liu, N., et al. New applications of UAV technology in agriculture: estimating carbon 
sequestration and water repellency. UAS4RS 2017 (Unmanned Aircraft Systems for 
Remote Sensing) Conference. 24 - 25 May 2017. Tasmania, Australia 
Liu, N., et al. Responses of Water and Vegetation to Climate Changes in South-Western 
Australia. IUFRO Regional Congress for Asia and Oceania 2016. 24-27 October 2016. 
Beijing, China 
 
xvi 
 
Liu, N., et al. Water use efficiency responses of Australia’s forest ecosystems to drought. 
IUFRO Regional Congress for Asia and Oceania 2016. 24-27 October 2016. Beijing, 
China 
Liu, N., et al. Vegetation dynamics and rainfall sensitivity of the Australia continent. In-
ternational Conference on Forests and Water in a Changing Environment 2015. 6-9 
July 2015. Kelowna, British Columbia, Canada  
xvii 
 
List of Tables 
Table 2.1 The relationships between different mean annual vegetation indices 
(normalized difference vegetation index [NDVI] and leaf area index [LAI]) 
and water inputs (precipitation [P] and soil moisture [SM]) for each land 
cover type. (R2 is the Pearson’s correlation coefficient; p is the p-value). .... 37 
Table 2.2 The sensitivity of annual change of vegetation indices (normalized difference 
vegetation index [NDVI] and leaf area index [LAI]) to water inputs 
(precipitation [P] and soil moisture [SM]) from 2002 to 2010. The slope, 
proportion of variation explained (R2), and significance (p) are derived from 
a linear regression model. .............................................................................. 40 
Table 3.1 Basic information for each catchment from 1982 to 2011. ............................ 57 
Table 3.2 Elasticities and contributions of precipitation (P), potential evapotranspiration 
(PET) and catchment character (m) in Fu’s equation to streamflow change 
between the pre-change and the post-change period. ..................................... 75 
Table 3.S1 Climate condition for each catchment from 1982 to 2011. .......................... 85 
Table 3.S2 Trend and change point analysis for each variable from 1982 to 2011. ....... 89 
Table 3.S3 Relationships between water, climate and vegetation variables from 1982 to 
2011. ............................................................................................................... 93 
Table 3.S4 Change of each variable from the pre-change period to the post-change 
period of streamflow. ..................................................................................... 97 
Table 4.1 Trend of each water and carbon variable from 1982 to 2014. ...................... 122 
 
xviii 
 
Table 4.2 Correlation coefficient (r) from Pearson’s method of each water and carbon 
variable with SPEI from 1982 to 2014. ........................................................ 124 
Table 5.1 Regression model parameters for estimating monthly GPP as a function of ET 
and monthly ecosystem respiration (ER) as a function of GPP. SD is the 
standard deviation. Slope, Intercept, and R2 are from linear regression models 
for ER and GPP. ........................................................................................... 146 
Table 5.2 List of the 19 Global Climate Models (GCMs) used in this study. .............. 149 
Table 6.1 Runtime profiling of single threaded simulations at 10 km and 5 km 
resolution with dWaSSI-C model operated on the Zeus cluster. ................. 180 
Table 6.2 Runtime memory usage of single-threaded dWaSSI-C simulations at 20, 10, 5 
and 1 km resolution on the Zeus cluster. We note that the 1 km resolution 
simulation failed due to insufficient memory and hence last reported metric is 
presented. ..................................................................................................... 181 
Table 6.3 Breakdown of CPU time spent executing various instructions. Only the most 
expensive subroutines are listed. .................................................................. 182 
Table 6.4 The water use efficiency (WUE) parameter and its standard deviation (SD) 
for vegetation types used by the WaSSI-C model (Sun et al., 2011b). ........ 186 
  
xix 
 
List of Figures 
Figure 1.1 Roadmap of thesis chapters and interrelationship of research topics. ........... 19 
Figure 2.1 (a) Main vegetation types of Australia derived from MODIS global land 
cover product (MCD12Q1) at 0.05 degree resolution (Friedl et al., 2010); (b) 
the standard deviation (SD) of monthly normalized difference vegetation 
index (NDVI) between 2002 and 2010 for each 0.05 degree grid cell; and (c) 
time series of NDVI for five main vegetation types ...................................... 30 
Figure 2.2 Net normalized change in monthly precipitation (P) over the past drought 
period 2002-2010 compared to the baseline period of 2000-2001 (a) across 
the Australian continent and (b) comparison for different vegetation types 
derived from normalized difference vegetation index (NDVI) analysis. ....... 32 
Figure 2.3 (a) Net normalized changes in monthly Climate Change Initiative soil 
moisture (SM) in 0.25 degree and (b) comparison for different vegetation 
types by their mean monthly value between 2000 and 2001. ........................ 33 
Figure 2.4 Net normalized spatial changes in monthly vegetation indices (VIs) for (a) 
normalized difference vegetation index (NDVI) and (b) leaf area index (LAI), 
and (c) comparison for different vegetation types of NDVI and (d) LAI over 
the past drought period 2002-2010 compared to the baseline period of 2000-
2001. White areas in (a) and (b) are the omitted land cover change area. ..... 34 
Figure 2.5 The relationships between mean annual precipitation (P) and vegetation 
indices (VIs; normalized difference vegetation index [NDVI] and leaf area 
index [LAI]), and between soil moisture (SM) and VIs (NDVI and LAI) from 
 
xx 
 
2002 to 2010. The white areas in maps are the omitted land cover change 
area. The R2 is the Pearson’s correlation coefficient. ..................................... 36 
Figure 2.6 The sensitivity of annual change of vegetation indices (VIs; normalized 
difference vegetation index [NDVI] and leaf area index [LAI]) to water 
inputs (precipitation [P] and soil moisture [SM]) from 2002 to 2010. The 
white areas in the maps are omitted land cover change and not statistically 
significant (p > 0.05) area. The Slope is derived from the linear regression 
model. ............................................................................................................. 39 
Figure 2.7 The sensitivity of annual changes of vegetation indices (normalized 
difference vegetation index [NDVI] and leaf area index [LAI]) to water 
inputs (precipitation [P] and soil moisture [SM]) from 2002 to 2010 for each 
of the six vegetation types. The regression lines are derived from a linear 
regression model. ........................................................................................... 40 
Figure 2.8 Relationships between mean annual NDVI and water inputs ((a) precipitation 
[P] and (b) soil moisture [SM]), and between annual change of normalized 
difference vegetation index [NDVI] and water inputs ((c) precipitation [P] 
and (d) soil moisture [SM]) for evergreen broadleaf forests located in 
southwestern Australia (SWAU) and the southeastern Australia (SEAU). 
R2 is the correlation coefficient and p is the significance of the relationship 
derived from a linear regression model. ......................................................... 45 
Figure 2.9 Time series of averaged annual total precipitation of evergreen broadleaf 
forests (EBF) located in southwestern Australia (SWAU) and southeastern 
Australia (SEAU) from 1984 to 2010. The dashed lines are the mean annual 
total precipitation during the two periods. ..................................................... 46 
xxi 
 
Figure 3.1 (a) Location of the 79 catchments and (b) main basins and rivers in 
southwestern Australia. .................................................................................. 56 
Figure 3.2 Long-term (1980 to 2011) annual average dryness index (PET/P, the ratio of 
potential evapotranspiration to precipitation) against evaporative ratio (ET/P, 
the ratio of evapotranspiration to precipitation) for each catchment. The 
dashed line serves as an envelope (energy-limit and water-limit) to the 
Budyko curve family, while other curve lines represented different m in using 
Fu’s equation. ................................................................................................. 56 
Figure 3.3 Spatial changes of (a) annual precipitation (P), (b) annual mean temperature 
(Tmean), (c) annual maximum temperature (Tmax) and (d) annual mean 
normalized difference vegetation index (NDVI) between pre-change period 
and the post-change period for each catchment. Red boundary means that 
significant (p < 0.05) breakpoint of streamflow was found in the catchment 
from 1982 to 2011. ......................................................................................... 68 
Figure 3.4 Change of (a) streamflow and (b) runoff coefficient from the pre-change 
period to the post-change period of streamflow. Red boundary means that 
significant (p < 0.05) breakpoint of streamflow was found in the catchment 
from 1982 to 2011. ......................................................................................... 69 
Figure 3.5 Change of (a) dryness index (DI) and (b) evaporative index (EI) from the 
pre-change period to the post-change period of streamflow. Red boundary 
means that significant (p < 0.05) breakpoint of streamflow was found in the 
catchment from 1982 to 2011. ....................................................................... 71 
 
xxii 
 
Figure 3.6 Relationship between annual mean streamflow and catchment character (m) 
in Fu’s equation for catchments with a significant change of streamflow from 
1982 to 2011. .................................................................................................. 73 
Figure 3.7 Contribution of dynamics of vegetation to streamflow between the pre-
change and post-change period. Red boundary means that significant (p < 
0.05) breakpoint of streamflow was found in the catchment from 1982 to 
2011. ............................................................................................................... 78 
Figure 4.1 Forest types in the Australian continent from the National Vegetation 
Information System (NVIS) Version 4.2. (Rainforests and Vine Thickets 
(RVT), Eucalypt Open Forests (EOF), Eucalypt Woodlands (EW), Eucalypt 
Open Woodlands (EOW), Acacia Forests and Woodlands (AFW) and 
Tropical Eucalypt Woodlands or Grasslands (TEWG)) .............................. 109 
Figure 4.2 The percentage for each drought type in Australia’s forest areas from 1982 to 
2014. These 7 drought categories include extreme drought (ED, SPEI < -2), 
severe drought (SD, SPEI ∈ (-2, -1.5)), moderate drought (MD, SPEI ∈ (-
1.5, -1)), near normal (NN, SPEI ∈ (-1,1)), moderate wet (MW, SPEI ∈ (1, 
1.5)), severe wet (SW, SPEI ∈ (1.5, 2)), and extreme wet (EW, SPEI > 2).
 ...................................................................................................................... 113 
Figure 4.3 Drought frequency (years with SPEI < -1) from 1982 to 2014 in Australia.
 ...................................................................................................................... 115 
Figure 4.4 The percentage of each drought type for different forest types in Australia 
from 1982 to 2014. Rainforests and Vine Thickets (RVT), Eucalypt Open 
Forests (EOF), Eucalypt Woodlands (EW), Eucalypt Open Woodlands 
(EOW), Acacia Forests and Woodlands (AFW) and Tropical Eucalypt 
xxiii 
 
Woodlands or Grasslands (TEWG). The legend of drought category is the 
same as in Figure 4.2. ................................................................................... 116 
Figure 4.5 Spatial distribution of area experiencing drought in 1992, 2003, 2005 and 
2013. The legend of drought category is the same as in Figure 4.2. ............ 117 
Figure 4.6 Spatial distribution of mean annual GPP (g C m−2 d−1), NPP (g C m−2 d−1), 
ET (mm d−1), ETr (mm d−1), GPP/ET (g C kg-1 H2O) and NPP/ETr (g C kg
-1 
H2O) over the period 1982-2014 across forested area of Australia. ............ 120 
Figure 4.7 Comparisons for each vegetation type of mean annual GPP (g C m−2 d−1), 
NPP (g C m−2 d−1), ET (mm d−1), ETr (mm d−1), GPP/ET (g C kg-1 H2O) and 
NPP/ETr (g C kg-1 H2O) over the period 1982-2014. .................................. 121 
Figure 4.8 Trends in annual water and carbon processes for the forested area in 
Australia over the period 1982-2014. .......................................................... 123 
Figure 4.9 Anomalies of mean annual GPP,  ET, GPP/ET and SPEI for each 
vegetation type from 1982 to 2014. ............................................................ 126 
Figure 4.10 Anomalies of mean annual NPP,  ETr, NPP/ETr and SPEI for each 
vegetation type from 1982 to 2014. ............................................................ 126 
Figure 4.11 Spatial distribution of time lag (months, p < 0.05) of drought on (a) 
NPP/ETr and (b) GPP/ET from 1982 to 2014. ............................................. 127 
Figure 5.1 Location of the 222 upstream catchments of Hydrologic Reference Stations 
(HRSs). The grey background represents eucalyptus forest. ....................... 143 
Figure 5.2 Schematic diagram of the WaSSI-C model. T, P, LAI, ET, ET0, GPP and ER 
are temperature, precipitation, leaf area index, evapotranspiration, reference 
evapotranspiration, gross primary productivity and ecosystem respiration, 
 
xxiv 
 
respectively. The core of the WaSSI-C model continuously runs for each time 
step (month). ................................................................................................ 145 
Figure 5.3 Spatial distributions of the validation criteria for monthly streamflow (Q) 
(1995-2009) over the 222 HRSs. (a) Slope coefficient (Slope) and (b) 
correlation coefficient (R2) of the linear regression 
(Modeled = Intercept + Slope ∗ Measured) equation derived from the least 
squares technique. (c) Nash-Sutcliffe Efficiency coefficients (NSE) and (d) to 
compare RMSE across different catchments, RMSE was normalized by long-
term mean observed monthly Q, referred to as RMSE/Q. ........................... 151 
Figure 5.4 Comparisons of multi-year mean annual (a) streamflow (mm yr-1) simulated 
by the WaSSI-C model against the observed streamflow at HRS gauges, (b) 
evapotranspiration (ET, mm yr-1) and (c) gross primary productivity (GPP, g 
C m-2 yr-1) simulated by the WaSSI-C model against estimates from the 
CABLE model. ............................................................................................. 152 
Figure 5.5 Spatial simulated multi-year mean annual ((a) and (b)) evapotranspiration 
(ET, mm yr-1) and ((c) and (d)) gross primary productivity (GPP, g C m-2 yr-
1) by the WaSSI-C model and the CABLE model. ...................................... 154 
Figure 5.6 Changes in the mean annual (a) precipitation (P, %), (b) temperature (T, °C), 
(c) streamflow (Q, %), and (d) gross primary productivity (GPP, %) over the 
222 HRSs from the baseline (1995-2015) to the future period (2040-2060) 
under RCP2.6, RCP4.5, RCP6.0 and RCP8.5. The box-whisker plots display 
the area-averaged changes projected from different GCMs for each RCP 
scenario. The detailed information for each GCM is in Table 5.2. .............. 156 
xxv 
 
Figure 5.7 Changes in mean annual (a) precipitation (P, %), (b) streamflow (Q, %), (c) 
temperature (T, %), and (d) gross primary productivity (GPP, %) from the 
baseline (1995-2015) to the future period (2040-2060) under RCP4.5 in the 
222 HRSs. The blue and red dots indicate positive and negative changes 
derived from the multi-model mean simulations of the 19 GCMs in each 
HRS, respectively. ........................................................................................ 157 
Figure 5.8 Changes in the mean annual (a) precipitation (P, %), (b) temperature (T, °C), 
(c) streamflow (Q, %), and (d) gross primary productivity (GPP, %) over the 
222 HRSs from the baseline (1995-2015) to the future period (2061-2080) 
under RCP2.6, RCP4.5, RCP6.0 and RCP8.5. The box-whisker plots display 
the area-averaged changes projected from different GCMs for each RCP 
scenario. The detailed information for each GCM is in Table 5.2. .............. 158 
Figure 5.9 Changes in multi-year mean annual (a) precipitation (P, %), (b) streamflow 
(Q, %), (c) temperature (T, %), and (d) gross primary productivity (GPP, %) 
from the baseline (1995-2015) to the future period (2060-2080) under 
RCP4.5 scenarios in the 222 HRSs. The blue and red dots indicate positive 
and negative changes derived from the multi-model mean simulations of the 
19 GCMs in each HRS, respectively. ........................................................... 159 
Figure 5.10 Changes in the (a, c) runoff coefficient (Q/P, %) and (b, d) dryness index 
(PET/P, %) over the 222 HRSs from the baseline (1995-2015) to the future 
period (2040-2060) (2050s) and (2060-2080) (2080s) under RCP2.6, RCP4.5, 
RCP6.0 and RCP8.5. The box-whisker plots display the area-averaged 
changes projected from different GCMs for each RCP scenario. The detailed 
information for each GCM is in Table 5.2. .................................................. 161 
 
xxvi 
 
Figure 6.1 Schematic diagram of the WaSSI-C model. T, P, LAI, ET, ET0, GEP and ER 
are temperature, precipitation, leaf area index, evapotranspiration, reference 
evapotranspiration, gross ecosystem productivity and ecosystem respiration, 
respectively. The core of the WaSSI-C model runs continuously for each time 
step (month). ................................................................................................ 175 
Figure 6.2 Distribution of vegetation types (MCD12Q1) across the Australian continent 
at (a) 0.5 * 0.5 km and (b) 50 * 50 km resolution. The dots on Panel (a) 
shows the locations of the eddy flux sites used for model evaluation. ........ 178 
Figure 6.3 Number of grid points and input data size as a function of resolution. ....... 179 
Figure 6.4 Schematic diagram of the parallelization methods for the dWaSSI model (the 
core of WaSSI-C is shown in Figure 6.1). The domain can be divided into n 
sub-domains and evenly passed to p Message Passing Interface (MPI) tasks. 
With the hybrid approach, there can be m (m >= 1) OpenMP threads for each 
MPI task. ...................................................................................................... 184 
Figure 6.5 Compute time (s) as a function of the number of OpenMP threads for 
dWaSSI-C simulations at (a) 10 km resolution and (b) 5 km resolution. .... 187 
Figure 6.6 Percentage of total compute time shown in Figure 6.5 for (a-c) 10 km and (d-
f) 5 km resolution dWaSSI-C simulations. omp region refers to the time 
spent in OpenMP calls. output func is the time spent in executing 
the output subroutine which includes preparing the data for writing i.e. 
formatting and the write statements in the code. The time spent in File 
I/O including the write statements in the output subroutine is shown in (b) 
and (e). The output subroutine in OpenMP version of dWaSSI-C code is 
executed outside the OpenMP region as file I/O is not thread safe. ............ 188 
xxvii 
 
Figure 6.7 Variation in compute time with increasing MPI processes, shown in (a), with 
1 and 4 OpenMP threads for dWaSSI-C simulations at 0.5 km resolution. (b) 
shows the time spent in executing user subroutines and also isolates the time 
spent in executing the subroutine output in particular. ................................ 190 
Figure 6.8 (a) Variation of total compute time for a dWaSSI-C simulation at 0.5 km 
resolution using 282 MPI processes, with increasing number of OpenMP 
threads. (b) Compute time spent in executing user subroutines which is total - 
operating system time. (c) Time spent in the waterbal and output subroutines 
and (d) the time spent in the OpenMP region of the code (omp_region) 
versus the corresponding overhead imposed by the operating system to 
manage threads respectively (omp_ovhd). ................................................... 191 
Figure 6.9 Effect of Lustre stripe count on the compute time for dWaSSI-C simulations 
at 5 km resolution. ........................................................................................ 192 
Figure 6.10 Time series of simulated by dWaSSI-C (lines) and observed by OzFlux 
(points) gross ecosystem productivity (GEP, g C m-2 d-1) at (a) AU-ASM, (b) 
AU-Tum, (c) AU-Ade and (d) AU-DaP. The shaded region represents GEP 
simulated by the dWaSSI-C model with WUE ± 1 * SD. ENF, EBF, WSA 
and GRA represent evergreen needleleaf forest, evergreen broadleaf forest, 
woody savannas and grassland, respectively. .............................................. 194 
Figure 6.11 Monthly mean of gross ecosystem productivity (GEP, g C m-2 d-1) 
simulated by dWaSSI-C (red lines) and observed by OzFlux (blue lines) at 
(a) AU-ASM, (b) AU-Tum, (c) AU-Ade and (d) AU-DaP. The shaded region 
represents long-term (from 2000 to 2013) monthly mean GEP simulated by 
the dWaSSI-C model with WUE ± 1 * SD. Error bars on the lines represent 
 
xxviii 
 
one standard deviation for the monthly GEP during the period with 
observation data at each OzFlux site. ENF, EBF, WSA and GRA represent 
evergreen needleleaf forest, evergreen broadleaf forest, woody savannas and 
grassland, respectively. ................................................................................ 195 
Figure 6.12 Absolute differences in gross ecosystem productivity (GEP, g C m-2 d-1) in 
(a) winter (JJA) and (b) summer (DJF) between the control and control + 1 * 
SD of the WUE parameter. .......................................................................... 196 
Figure 6.13 Mean annual (a) evapotranspiration (ET, mm d-1) and (b) gross ecosystem 
productivity (GEP, g C m-2 d-1) estimates over the Australian continent from 
5 * 5 km resolution dWaSSI-C simulations, averaged from 2000 to 2013.. 197 
  
xxix 
 
Table of Contents 
Abstract ............................................................................................................................iii 
Acknowledgements .......................................................................................................... ix 
List of Acronyms and Terms ........................................................................................... xi 
List of Publications and Presentations during the PhD study ......................................... xv 
List of Tables ................................................................................................................ xvii 
List of Figures ................................................................................................................ xix 
Table of Contents ......................................................................................................... xxix 
Chapter 1. Introduction and Aims of the thesis ................................................................ 1 
1.1 Background ............................................................................................................. 2 
1.1.1 Effects of drought on vegetation ...................................................................... 3 
1.1.2 Response of water yield to vegetation dynamics and land cover change ........ 8 
1.1.3 Water and carbon under climate change ........................................................ 11 
1.2 Aim of the thesis ................................................................................................... 16 
1.3 Research questions and the structure of the thesis ................................................ 16 
1.3.1 How does vegetation respond to a drying climate? What is the difference 
between different vegetation types? ........................................................................ 16 
1.3.2 What is the reason for the decline in streamflow in southwestern Australia? 
 ................................................................................................................................. 17 
1.3.3 What is the interaction between water and carbon cycling in Australian forest 
ecosystems under drought?  .................................................................................... 17 
1.3.4 How do water yield and ecosystem productivity change under the predicted 
climate scenarios?  .................................................................................................. 18 
1.3.5 How to make the revised WaSSI-C handle big data and be more efficient?  18 
 
xxx 
 
1.3.6 What are the key research questions that should be addressed in future 
research? ................................................................................................................. 18 
Chapter 2. Vegetation dynamics and rainfall sensitivity for different vegetation types of 
the Australian continent in the dry period 2002-2010 .................................................... 21 
2.1 Abstract ................................................................................................................. 22 
2.2 Introduction ........................................................................................................... 23 
2.3 Materials and methods .......................................................................................... 25 
2.3.1 Precipitation (P) data ..................................................................................... 25 
2.3.2 Vegetation indices (VIs) ................................................................................ 26 
2.3.2.1 Normalized difference vegetation index (NDVI) ............................... 26 
2.3.2.2 Leaf area index (LAI) ......................................................................... 26 
2.3.2.3 Soil moisture (SM) .............................................................................. 27 
2.3.3 Statistical methods ......................................................................................... 28 
2.3.3.1 Net change analyses ............................................................................ 28 
2.3.3.2 Sensitivity analysis .............................................................................. 28 
2.4 Results ................................................................................................................... 29 
2.4.1 Vegetation features of the Australian continent ............................................. 29 
2.4.2 Net changes between 2002 and 2010 ............................................................. 31 
2.4.2.1 Precipitation and soil moisture ............................................................ 31 
2.4.2.2 NDVI and LAI .................................................................................... 33 
2.4.2.3 Relationship between VIs and water inputs ........................................ 35 
2.4.2.4 Sensitivity of each vegetation type to the dynamics of water inputs .. 37 
2.5 Discussion ............................................................................................................. 41 
2.5.1 Relationship between vegetation and water inputs ........................................ 41 
2.5.2 Sensitivity of vegetation to water changes..................................................... 42 
xxxi 
 
2.5.3 Dynamic of evergreen broadleaf forest (EBF) under drought ....................... 43 
2.5.4 Uncertainty and future plans .......................................................................... 46 
2.6 Conclusions ........................................................................................................... 48 
Chapter 3. Responses of streamflow to vegetation and climate changes in southwestern 
Australia .......................................................................................................................... 49 
3.1 Abstract ................................................................................................................. 50 
3.2 Introduction ........................................................................................................... 51 
3.3 Material and methods ............................................................................................ 55 
3.3.1 Study sites ...................................................................................................... 55 
3.3.2 Data ................................................................................................................ 63 
3.3.3 Statistical methods ......................................................................................... 63 
3.3.4 Elasticity method ........................................................................................... 64 
3.4 Results ................................................................................................................... 66 
3.4.1 Dynamics of climate, vegetation and water variables for catchments in 
SWAU ..................................................................................................................... 66 
3.4.2 Changes of climate and water conditions ...................................................... 70 
3.4.3 Relationships between climate, streamflow and vegetation variables ........... 72 
3.4.4 Characterizing streamflow sensitivity to vegetation and climate change ...... 72 
3.4.5 Contribution of climate change and vegetation to the change of streamflow 77 
3.5 Discussion ............................................................................................................. 79 
3.5.1 Catchment characteristic parameters in Budyko framework ......................... 79 
3.5.2 Relationships between streamflow, climate and vegetation changes ............ 80 
3.6 Conclusions ........................................................................................................... 83 
3.7 Appendix ............................................................................................................... 84 
 
xxxii 
 
Chapter 4. Water use efficiency responses of Australia’s forest ecosystems to drought
 ....................................................................................................................................... 101 
4.1 Abstract ............................................................................................................... 102 
4.2 Introduction ......................................................................................................... 104 
4.3 Methodology ....................................................................................................... 107 
4.3.1 Definition of WUE ....................................................................................... 107 
4.3.2 BIOS-2.1 model and forcing data ................................................................ 107 
4.3.3 Vegetation types........................................................................................... 108 
4.3.4 Standardized Precipitation-Evapotranspiration Index (SPEI) ....................... 109 
4.3.5 Assessment of the lag-effect of drought on WUE ........................................... 111 
4.3.5.1 Standardized anomaly index (SAI) ................................................... 111 
4.3.5.2 Time-lag calculation ......................................................................... 112 
4.4 Results ................................................................................................................. 113 
4.4.1 Droughts in Australia’s forest from 1982 to 2014 .......................................... 113 
4.4.2 Magnitude and dynamic of annual WUE for different vegetation types from 
1982 to 2014 ........................................................................................................... 118 
4.4.3 Drought effects on WUE ............................................................................... 123 
4.5 Discussion ........................................................................................................... 128 
4.5.1 Spatial and temporal pattern of drought in Australia’s forest ........................ 128 
4.5.2 WUE pattern and its response to drought ....................................................... 129 
4.5.3 Time lag of vegetation’s response to drought ................................................. 132 
4.6 Conclusions .......................................................................................................... 134 
4.7 Appendix .............................................................................................................. 134 
Chapter 5. Projecting water yield and ecosystem productivity to climate change across 
the Australian continent ................................................................................................ 137 
xxxiii 
 
5.1 Abstract ............................................................................................................... 138 
5.2 Introduction ......................................................................................................... 140 
5.3 Methods ............................................................................................................... 142 
5.3.1 The study area .............................................................................................. 142 
5.3.2 The WaSSI-C model .................................................................................... 144 
5.3.3 Model improvements ................................................................................... 145 
5.3.4 Model parameterization ............................................................................... 147 
5.3.5 Model evaluation ......................................................................................... 149 
5.4 Results ................................................................................................................. 150 
5.4.1 Model validation .......................................................................................... 150 
5.4.2 Impacts of climate change on water and carbon fluxes ............................... 154 
5.5 Discussion ........................................................................................................... 161 
5.5.1 Future projections ........................................................................................ 161 
5.5.2 Uncertainties of model simulations and predictions .................................... 164 
5.6 Conclusions ......................................................................................................... 166 
Chapter 6. Parallelization of a distributed ecohydrological model - dWaSSI-C .......... 169 
6.1 Abstract ............................................................................................................... 170 
6.2 Introduction ......................................................................................................... 171 
6.3 Materials and methods ........................................................................................ 174 
6.3.1 WaSSI-C model ........................................................................................... 174 
6.3.1.1 Monthly mean meteorological forcing .............................................. 175 
6.3.1.2 Monthly mean leaf area index (LAI) ................................................ 176 
6.3.1.3 Static soil and vegetation data ........................................................... 176 
6.3.2 Framework of dWaSSI-C ............................................................................ 177 
6.3.2.1 Computing infrastructure .................................................................. 179 
 
xxxiv 
 
6.3.2.2 Identifying the bottlenecks ................................................................ 180 
6.3.2.3 Model parallelization ........................................................................ 182 
6.3.2.4 I/O optimization ................................................................................ 184 
6.3.3 Model simulations in parallel....................................................................... 185 
6.4 Results ................................................................................................................. 186 
6.4.1 Shared memory model using OpenMP ........................................................ 186 
6.4.2 Distributed memory model using MPI and hybrid MPI/OpenMP 
implementations .................................................................................................... 189 
6.4.3 Sensitivity of GEP to WUE of dWaSSI-C ................................................... 193 
6.4.4 Water and carbon estimates over the Australian continent from 2000 to 2013
............................................................................................................................... 197 
6.5 Discussion and conclusions ................................................................................ 199 
6.5.1 Parallel model .............................................................................................. 199 
6.5.2 Effects of resolution of input data ................................................................ 200 
6.5.3 Uncertainty of dWaSSI-C and future work ................................................. 202 
Chapter 7. General discussion ....................................................................................... 205 
7.1 Introduction ......................................................................................................... 206 
7.1.1 Northern Australia ....................................................................................... 207 
7.1.2 Southwestern Australia ................................................................................ 208 
7.1.3 Southeastern Australia ................................................................................. 209 
7.2 Conclusions ......................................................................................................... 211 
7.3 Future research directions ................................................................................... 212 
References ..................................................................................................................... 215 
 
 
  
 
1 
 
Chapter 1. Introduction and Aims of the thesis 
  
Chapter 1 Introduction and Aims of the thesis 
 
2 
 
1.1 Background 
Climate change, including rising temperature and varying precipitation, has become one 
of the most critical environmental issues in the world (IPCC, 2013). Climate change has 
considerably affected global water (Haddeland et al., 2014) and forest resources (Phillips 
and Lewis, 2014) and threatens the human environment in some places. Although, there 
is evidence that warming, along with rising CO2, can have some positive impacts on forest 
growth and the global carbon sink by increasing the length of the growing season (Tucker 
et al., 2001) and enhancing water use efficiency (WUE) (Keenan et al., 2013), droughts 
could offset these benefits (Helman et al., 2017; Peñuelas et al., 2011). Varying 
precipitation plays positive or negative effects on water resources in different regions. 
However, the positive effects are not always of benefit, as increased runoff may take place 
during high flow seasons, which may lead to flooding instead of reducing water resource 
stress (Arnell, 2004). Over many water-limited regions of the world, a warming climate 
has led to a drying trend, resulting in declining vegetation growth and increasing 
ecosystem disturbances (Mu et al., 2011). Although a key component of climate change 
mitigation strategies (Murphy and Timbal, 2008), the capacity of forest carbon storage is 
highly variable because of climate variability and disturbance. When forests die of 
drought or heat, they may change from being carbon sinks to carbon sources (Matusick 
et al., 2013). Global drought, along with global warming, has caused a great decline in 
global net primary productivity (NPP) for the first decade of the 21st Century, especially 
in the southern hemisphere (Zhao and Running, 2010). 
The Australian continent has been experiencing significant climate change since the late 
2010s: 0.9 °C increase in average temperature; more extreme heat and fewer cool 
extremes; and a slight increase in rainfall (Bureau of Meteorology, 2014). Since 1995, 
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large parts of Australia, especially in the southwest and the southeast, have been affected 
by more frequent and severe drought events in living memory (Ummenhofer et al., 2009), 
leading to a significant decline in groundwater storage (Zhang et al., 2014). Consequently, 
a number of widespread drought-induced forest mortalities have been observed in 
Australia (Brouwers et al., 2013; Fensham and Fairfax, 2007; Rice et al., 2004). The 
drying trend in Australia is predicted to continue or even become more serious in the 
future (Crosbie et al., 2013). Therefore, it is important to understand the interactions 
between water, vegetation and climate to mitigate the potentially severe effects of 
extreme climate change on water and forest resources in the future. 
1.1.1 Effects of drought on vegetation 
Generally, there are four types of drought, namely meteorological drought, hydrological 
drought, agricultural drought, and socioeconomic drought (Dai, 2011). This thesis mainly 
focuses on the meteorological and hydrological droughts, which are related to a lack of 
precipitation over a region for a period of time and a period with inadequate surface and 
subsurface water resources for established water uses of a given water resources 
management system, respectively (Mishra and Singh, 2011). The most common way to 
evaluate drought is through drought indices, which are generally developed for particular 
purposes with specific data, including the standardised precipitation index (SPI) 
developed with long-term precipitation data (Mckee et al., 1993), the Palmer drought 
severity index (PDSI) established with temperature and precipitation (Derogatis et 
al.,1983) for meteorological drought simulation, and the standardised groundwater level 
index (SGI) built with groundwater level data for groundwater drought simulation 
(Bloomfield and Marchant, 2013). As for meteorological drought, precipitation and 
temperature are commonly used to calculate drought indices, while soil moisture content 
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is often used for agricultural drought. With respect to hydrological drought, streamflow 
is commonly used (Dai, 2011). Currently, the commonly used drought indices are the 
PDSI, the SPI, the standardized precipitation evapotranspiration index (SPEI) (Vicente-
Serrano et al., 2010) and the drought severity index (DSI) (Mu et al., 2013). Due to the 
multiple scale character of SPEI and SPI, they have been used for analyzing the time-lag 
effects of drought on vegetation dynamics (Vicente-Serrano et al., 2013). 
 Over the past few decades, drought has expressed dramatic effects on regional 
ecosystems all over the world (Allen et al., 2010; Pekel et al., 2016; Vicente-Serrano et 
al., 2015a). The past severe droughts include the long time drought from 1980 to 2003 in 
USA (Ross and Lott, 2003), severe droughts in 1997, and 1999 to 2002 in China (Zou et 
al., 2005), the Amazon Rainforest’s droughts in 2005 (Phillips et al., 2009) and 2010 
(Feldpausch et al., 2016), and the Australian “Millennium Drought” from 2001 to 2009 
(Van Dijk et al., 2013). There are many reasons for these serious droughts being observed 
worldwide during the past several decades, including anomalous tropical sea surface 
temperatures, frequency and severity of the El Niño-Southern Oscillation (ENSO) and 
the pattern of the Asian monsoons (Dai, 2011). Although Sheffield et al. (2012) reported 
that there was little change in global drought over the past 60 years by recalculating PDSI 
with underlying physical principles, Trenberth et al. (2013) concluded that, excluding the 
accuracy of input data, there was no significant difference in the findings between Dai 
(2011) and Sheffield et al. (2012). Furthermore, Trenberth et al. (2013) suggested that 
increased heating from global warming may not cause droughts but it is expected that 
when droughts occur they are likely to establish more quickly than in the past and be 
more intense. In Australia, the last long drought period is called the “Big Dry” or 
“Millennium Drought”, which is the most severe drought in living memory (Van Dijk et 
al., 2013). By analyzing the historical climate data, Ummenhofer et al. (2009) concluded 
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that last decade’s droughts were because of Indian Ocean variability, not Pacific Ocean 
conditions, whereas Van Dijk et al. (2013) suggested that Prevailing ENSO conditions 
led to a 75% decline in rainfall in eastern Australia from 2001 to 2009. 
Although vegetation has been found to adapt to new climate patterns (Bréda et al., 2006; 
Haavik et al., 2015; Metz et al., 2016; Mitchell et al., 2013; Sánchez-Costa et al., 2015), 
some frequent and severe droughts, along with extreme heat and insect pests, did result 
in forest mortality worldwide (Anderegg et al., 2013; Barbeta et al., 2013; Carnicer et al., 
2011; Garrity et al., 2013; Jump et al., 2017). Forest mortality is generally accompanied 
by serious water deficits and extreme heat. Drought, in association with rising 
temperature, could reduce soil moisture, which may cause a decline in growth rate and 
mortality of trees (Keith et al., 2012). It is worth noting that drought-induced mortality 
occurred not only in water-limited areas, such as the sub-humid environments of 
northeastern Australia where multi-year droughts have repeatedly resulted in widespread 
Eucalyptus and Corymbia mortality (Fensham and Fairfax, 2007), but also in tropical 
rainforests, hence the Amazon Rainforest’s severe forest decline in 2005 (Phillips et al., 
2009). Spatial patterns of mortality at the forest stand scale are also highly dependent on 
life-history traits and tolerances of individual species within forests, with drought 
commonly resulting in different mortality rates between co-occurring tree species (Allen 
et al., 2010). However, by comparing the responses of a large number of woody species 
to drought, Choat et al. (2012) concluded that the vulnerability of forests is globally 
converging to drought. There is still a great uncertainty as to how different vegetation 
types respond to various drought conditions. While some forests experienced a dramatic 
reduction in stem growth and noticeable mortality, others were unaffected, which may 
finally lead to a partial community shift towards drought-resistant species (Barbeta et al., 
2013). In southeastern Australia, drought stress and insect damage caused growth 
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declines of 45 - 80% and mortality of 5 - 60% of a native Eucalyptus delegatensis forest 
at Tumbarumba, with the greatest mortality occurring in stands with normally the highest 
growth rates, and in locations with greatest declines in soil moisture (Keith et al., 2012). 
Southwestern Australia also experienced several severe droughts, which caused 
considerable declines in health of many tree species, including E. marginata, E. 
gomphocephala and Corymbia calophylla (Evans et al., 2013). Patch-scale forest 
mortality was observed near Perth during the dry summer of 2010-2011 (Evans and Lyons, 
2013) and Ruthrof et al. (2015) found that E. marginata was more susceptible to partial 
and complete crown dieback compared to C. calophylla, three months after the drought 
had ended. In addition, Matusick et al. (2016) detected that climate change-type droughts 
will drive replacement of large trees with short, multi-stemmed individuals, transforming 
ecosystem structure. Elevated temperature and consequent higher vapour pressure 
deficits may be the primary contributors to drought-induced seedling mortality under 
future climates (Duan et al., 2014). 
Apart from land surface drought, soil water shortage also could dramatically affect forest 
ecosystems. Taking the Amazon forest as an example, forests re-greened after severe 
droughts in 2001 (Nepstad et al., 2004) and 2005 (Saleska et al., 2007) because of the 
extensive root systems (Nepstad et al., 1994). It is now clear that the Amazonian forests 
are sensitive to water shortage imposed by the frequent droughts (Hilker et al., 2014), as 
they experienced a significant decline in carbon sequestration during the severe drought 
in 2010 (Feldpausch et al., 2016; Xu et al., 2011), suggesting that repeated severe 
droughts could result in a dramatic decline in both water and carbon fluxes. Groundwater 
also has great effects on forest function in some areas in Australia where the non-rainfall 
period generally lasts for a half year; therefore, the forest is mainly dependent on 
groundwater to maintain ecosystem functions. This effect was reflected in the 
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significantly correlated relationship between Gravity Recovery and Climate Experiment 
(GRACE) and normalized difference vegetation index (NDVI) across the continent, with 
the greatest losses in water storage occurring over northwest Australia’s “Big Dry” period 
(McGrath et al., 2012). Apart from GRACE, Chen et al. (2014) also found that satellite-
derived soil moisture was strongly related to NDVI, with NDVI typically lagging behind 
soil moisture by one month. There is an apparently regional character of this relationship: 
dry regions with low vegetation density are more vulnerable to soil moisture, which 
suggests that soil moisture is beneficial to vegetation growth in dry regions and in the 
early stage in wet regions. These results suggested that, in water-limited areas, a sudden 
change in the water regime results in a rapid vegetation change, which may be due to the 
shallow root system of these vegetation types. In forests in southwestern Australia, over 
2000 - 2011, Smettem et al. (2013) found that the interannual changes to LAI resulting 
from changes in annual rainfall were far less than expected from the long-term LAI-
rainfall trend, which reflected a long-term decrease in underground water storage and 
diminished summer flows resulting from maintenance of a high forest LAI. Forests in 
southeastern Australia also used groundwater during dry seasons to maintain transpiration 
to keep greenness, resulting in a decline of surface water (Decker et al., 2012; Eberbach 
and Burrows, 2006; Mitchell et al., 2012). Forest growth was maintained by depleting 
groundwater; a clear uncertainty is what happens to forest function and stream flow when 
this store is depleted.  
There are still some uncertainties about forest mortality under changing climates, like 
why some trees survive and others die in a given drought and what types and elements of 
drought are most important in predicting mortality (Hartmann et al., 2015). To answer 
these questions, drought conditions and how different forest types respond to droughts 
need to be further studied in detail. 
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1.1.2 Response of water yield to vegetation dynamics and land cover 
change 
Temperature and precipitation are the most important factors affecting vegetation 
distribution (Murphy and Bowman, 2012; Zelazowski et al., 2011) and water yield (Pekel 
et al., 2016). Meanwhile, the dynamics of vegetation and change in land cover can also 
result in changes in water yield. The effects of land cover change on water yield have 
been studied for decades, using both experimental and mathematical and statistical 
methods (Brown et al., 2013; Zhang et al., 2017). It is evident that the natural ecosystem 
exists as a complex balance, involving interactions between water, vegetation, soil and 
climate. So, it is hard to fix several variables and then to study the contribution of only 
one variable on water yield change. Therefore, an experimental method, the paired-
watershed method, and some mathematical and statistical methods, like modelling, 
double mass curve, trend analysis, sensitivity and elasticity method, have been developed 
to separate the contributions of climate and land cover change on water yield in reality 
(Wei et al., 2013). 
The paired-watershed studies can be divided into four broad categories, including 
deforestation, afforestation, regrowth and forest management treatments - like thinning. 
Over the past decades, review papers have illustrated the relationship between land cover 
change and water yield on paired-watershed studies (Brown et al., 2013, 2005; Farley et 
al., 2005; Zhou et al., 2015). The commonly accepted conclusion from these reviews is 
that deforestation could increase water yield while reforestation or plantation could 
decrease water yield. However, the response intensity of annual runoff to forest cover 
change can vary among watersheds. Using Fuh’s theoretical equation in global 250 
paired-watershed experiments, Zhou et al. (2015) concluded that land cover changes in 
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water-limited regions can lead to greater hydrological responses. Similarly, Zhang et al. 
(2017) reviewed studies in about 312 worldwide watersheds and found that watershed 
size is more important in large than small watersheds, and water-limited watersheds are 
more sensitive to forest cover change than energy-limited watersheds. Furthermore, Li et 
al. (2017) re-analyzed 162 large watersheds and found that forest cover and climate 
variability play a coequal role (additive or offsetting) in annual water yield variations. 
In Australia, Zhang et al., (2016) analyzed the streamflow change of 222 hydrologic 
reference stations since 1950s and found that most of the stations in southeastern 
Australia showed a significant decreasing trend in annual streamflow. In southeastern 
Australia, the shift of rainfall-runoff relationship was reported as a result of catchment 
biophysical structure and groundwater storage (Saft et al., 2016). Protracted drought led 
to a significant shift in the rainfall-runoff relationship in 46% of the catchment-dry 
periods studied (Saft et al., 2015). Potter et al. (2011) suggested that 65 percent of decline 
of streamflow was attributed to reduction in annual rainfall and 7 percent to the direct or 
indirect effect of changes in average annual maximum temperature.  
Currently, in southwestern Australia, some 15 paired-watershed experiments have been 
established since 1982. In general, deforestation generally resulted in an increase in 
streamflow and a rise in groundwater levels. For example, 100% clearing of the Wights 
catchment in a high rainfall zone (1200 mm yr-1), resulted in a 400% increase in water 
yield over the 10 years after clearing (Ruprecht and Schofield, 1989) and 53% clearing 
in the Lemon catchment in a low rainfall zone (800 mm yr-1), resulted in only 0.11 m yr-
1
 increase in groundwater recharge over the 10 years after clearing (Ruprecht and 
Schofield, 1991). Clearing of 53% of the Lemon catchment also led to a fundamental 
increase in the annual streamflow attributed primarily to decreases in transpiration and 
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interception losses. Forest harvesting and regeneration generally have led to initial water 
yield increases followed by a gradual return to pre-disturbance values. For example, at a 
high rainfall research catchment (1200 mm yr-1), the Lewin South catchment, water yield 
initially increased by 15% of annual rainfall 3 years after harvesting, whereas 10 years 
after harvesting the water yield increase was 4% of annual rainfall (Ruprecht et al., 1991). 
For a low rainfall catchment (Yerraminnup South, 850 mm yr-1) the initial increase in 
water yield was similar, at 14% of annual rainfall, and had diminished to 5% of annual 
rainfall 10 years after harvesting. Forest thinning generally results in an initial increase 
in streamflow followed by a return to pre-disturbance levels. However, the return to pre-
disturbance levels can be delayed by regrowth suppression at the initial thinning or by 
later regrowth control. For example, the uniform, intensive thinning treatment in Hansen 
catchment (annual rainfall 1200 mm yr-1) reduced crown cover from 60 to 14%, which 
resulted in an increase in streamflow of approximately 20% of annual rainfall (260 mm 
yr-1) after 3 years (Ruprecht et al., 1991). Stoneman (1993) found an increase of 86 mm 
(7.1% of annual rainfall) in water yield, 9 years after the thinning of Yarragil 4L forest 
catchment, which is on the border of the high and intermediate forest rainfall zones. 
However, there is still no synthetic analysis on the effects of vegetation and climate 
change on water yield both at the large and small scale. This is mainly due to the fact that 
large-scale watersheds are far more complex than small watersheds, particularly for 
climate, vegetation and topography characters. In addition, the response mechanisms of 
water yield to forest change may be changing in the face of climate change. The previous 
common result that a decrease in land cover leads to an increase in water yield, may not 
occur in some arid watersheds. For example, although 64% and 53% of the catchments 
were thinned in the Yarragil 4X and Yarragil 6C in 1920 respectively, which led to an 
increase in groundwater recharge, there were no significant effects of thinning either on 
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groundwater or annual streamflow as not enough rainfall was obtained afterwards leading 
to a deficit in soil moisture (Kinal and Stoneman, 2011). Climate change has already been 
a crucial issue in southwestern Australia and will continue to affect water resources and 
forests with a projected drier future (Islam et al., 2014; Prudhomme et al., 2014; Van Dijk 
et al., 2013). However, the severity of impacts on water and forests will depend on the 
watershed character (Saft et al., 2016) and the specific climate change. While many 
studies have investigated impacts of climate change on water yield, much less attention 
has been given to understand the interactive mechanisms underlying climate, forest and 
hydrology in southwest Australia’s arid and semi-arid ecosystems. 
1.1.3 Water and carbon under climate change 
Water and carbon are coupled to each other from the leaf to the ecosystem scale (Niu et 
al., 2011). At the leaf scale, transpiration is related to photosynthesis via gas exchange 
through the stomata, which can be affected by light, temperature and water conditions. 
At the ecosystem scale, the coupling relationship between water and carbon is commonly 
reflected by WUE, defined as the ratio of carbon assimilation to water use. There are 
many ways for estimating water and carbon fluxes, including traditional field survey, 
hydrological modelling and remote sensing based estimation. Currently, the most up-to-
date method for the long-term simultaneous measurement of water and carbon fluxes is 
the eddy covariance technology. About 700 eddy flux towers have been established 
globally, with most of them located in North America, Europe and Asia, providing a great 
dataset for studying the interaction between water and carbon under the changing climate 
(www.fluxdata.org). There are three main applications of these long-term observations. 
Firstly, the flux towers provide the most accurate water and carbon observations for the 
studies of ecosystem scale interactions between carbon and water fluxes (Beer et al., 2010; 
Chapter 1 Introduction and Aims of the thesis 
 
12 
 
Yang et al., 2016; Yu et al., 2008). Secondly, the eddy flux observations have been 
broadly used for model calibration and validation (Haverd et al., 2013; He et al., 2013; 
Xiao et al., 2014). Thirdly, many studies have tried to upscale the site scale observations 
to larger regional and global scale estimations (Jung et al., 2011; Sun et al., 2011; Xiao 
et al., 2011; Yao et al., 2017; Zhang et al., 2016). In spite of these efforts, only limited 
areas of vegetation have been monitoring compared with the total global terrestrial 
ecosystems, so there is still a large uncertainty for upscaling site-based knowledge to a 
larger scale and especially to unmonitored places. 
There is still no consistent conclusion as to how the coupled water and carbon cycles are 
altered under global environmental changes, due to the interactions among temperature, 
precipitation and CO2 (Saxe et al., 2002). It has been found that elevated CO2 increased 
tree-level intrinsic water use efficiency (Battipaglia et al., 2013; Gedalof and Berg, 2010; 
Keenan et al., 2013; Koutavas, 2013), which in theory should increase forest growth and 
carbon sequestration (Kelley and Harrison, 2014). Frank et al. (2015) demonstrated that 
the rise in CO2 resulted in 14 ± 10% and 22 ± 6% increase in intrinsic water-use efficiency 
at broadleaf and coniferous sites, respectively, across European forests. Furthermore, 
Cheng et al. (2017) found that the increase in terrestrial carbon uptake was positively 
related to rising CO2 concentration and negatively influenced by increased vapour 
pressure deficits. However, several studies reported that the increase in WUE did not 
increase forest growth (Duursma et al., 2016; Lévesque et al., 2014; Newingham et al., 
2013; Peñuelas et al., 2011; Silva et al., 2010; van der Sleen et al., 2014; Warren et al., 
2011) due to water shortage. Helman et al. (2017) also reported that warming and drought 
may offset the benefit of rising CO2 concentration on the productivity of Mediterranean-
climate forests. Apart from the effects of increasing CO2 on WUE, some research 
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revealed that increasing CO2 along with rising temperature could result in a decrease in 
ET, thus increasing soil moisture. However, Cheng et al. (2014) found that the increasing 
CO2 increased runoff in an energy-limited forest catchment by less than 2% but decreased 
runoff in three other catchments by 1 to 18%, suggesting that rising CO2 does not 
necessarily result in an increase in runoff because of increases in ET. Although there is 
still large uncertainty of the response of ET to climate change in different vegetation types 
and climate zones (Van Roosmalen et al., 2009), the change in ET is expected to have 
significant impacts upon runoff and groundwater recharge (Schlesinger and Jasechko, 
2014). 
The response of WUE at the ecosystem scale to drought is dependent on how ET and 
GPP respond to drought (Tan et al., 2015). Both ET and GPP may show coupled feedback 
or contradictory response to warming, drought and rising CO2 (Raupach et al., 2013). The 
ET is expected to respond positively to warming but negatively to rising CO2, while GPP 
would show an opposite response (Girardin et al., 2016). For some ecosystems, change 
in WUE during drought is determined by the drought sensitivity of GPP (Novick et al., 
2015), while for other ecosystems it may result from ET (Jasechko et al., 2013; Vicente-
Serrano et al., 2015b). Ge et al. (2014) detected that WUE was sensitive to increased ET 
and vapour-pressure deficits (VPD) in a boreal Scots pine (Pinus sylvestris) forest. More 
broadly, Huang et al. (2016) highlighted that the increase in springtime WUE in the 
northern hemisphere is the result of GPP increasing faster than ET because of the higher 
temperature sensitivity of GPP relative to ET. A similar finding was reported by Gang et 
al. (2016) in a grassland ecosystem. The effects of drought on carbon sequestration and 
respiration are different as well. Keith et al. (2012) found that interacting stress factors of 
drought and insect damage caused a 26% decline in GPP but only 5% decrease in 
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respiration in a native Eucalyptus delegatensis forest in the southeast Australia. A similar 
result was found in boreal forests by Zscheischler et al. (2014) using model outputs from 
the North American Carbon Program Multi-scale Synthesis and Terrestrial Model 
Intercomparison Project. The different response of water and carbon processes to drought 
occur not only because of abiotic factors but also the inherent water-use strategy of 
vegetation (Leitinger et al., 2015). 
Vegetation type, soil depth, drought time and drought severity are some critical factors 
affecting the effects of drought on the interaction between water and carbon 
(Pourmokhtarian et al., 2017). Compared with grasses, woody plants were better able to 
use the stable groundwater source and had an increased net CO2 gain during dry periods 
in the southwest USA (Scott et al., 2006). During drought, plants respond physiologically 
and structurally to prevent excessive water loss according to species-specific water use 
strategies. Differential responses of different tree species to rising CO2 will likely have 
significant implications on the species composition of subtropical forests under future 
global change (Yan et al., 2014). For the global grasslands, Gang et al. (2016) found that 
WUE increased in the closed shrublands and woody savannas but decreased in all the 
other grassland types. In addition, forest age is also an important control on forests’ 
response to drought events (Skubel et al., 2015). Furthermore, WUE responds differently 
to environmental conditions at different seasons (Yang et al., 2010). Spring drought tends 
to increase WUE in forest areas due to the increase of gross ecosystem productivity (GEP) 
but a decline of ET (Wolf et al., 2013; Xie et al., 2016b), however, it would decrease both 
GEP and WUE in grassland areas (Dong et al., 2011). The contrasting responses of 
grasslands compared to forests to spring drought reflect different adaptive strategies 
between vegetation types, which is highly relevant to biosphere-atmosphere feedbacks in 
the climate system (Wolf et al., 2013). The negative correlation between WUE and 
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precipitation in spring was mainly due to the high precipitation amounts in spring, 
decreasing GEP and WUE when LAI was still small, increasing ET being observed to 
increase with high levels of evaporation as a result of high soil water storage in spring 
(Xie et al. 2016a). The increasing temperature in Spring has significantly increased the 
ET because of the sufficient water supply, but the small LAI limited the increase of GEP 
during this time, which led to the decline of WUE. Summer WUE had a significant 
decreasing trend due to the combined effect of seasonal drought and increasing potential 
and available energy increasing ET, but decreasing GEP in summer (Xie et al. 2016a). 
This divergent response of WUE to drought in different seasons also reflects on the 
different elevation forests, due to different timing of drought (Hwang et al., 2014). The 
WUE tended to increase when the intensity of drought was moderate but decreased under 
severe drought (Lu and Zhuang 2010). "Turning-points" were observed for southern 
China where moderate and extreme droughts reduced annual WUE and severe drought 
slightly increased annual WUE (Liu et al., 2015). 
Australian forests have been experiencing warming and varying precipitation for decades, 
but there are still uncertainties about how climate change has altered the interaction 
between water and carbon processes and what changes will occur in the future. This is 
especially the case for those forests where a strong greening trend has been observed. A 
key question remains: What is the reason for their growth under drought and will they 
keep growing in the future? Answering this and other questions requires improved 
understanding of how drought impacts on eco-hydrological processes in different 
vegetation types, because different species and functional groups vary in their eco-
physiological traits that influence water use patterns. 
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1.2 Aim of the thesis 
This thesis explores the dynamic of water and carbon processes of Australian terrestrial 
ecosystems under a changing climate, and describes potential responses to the projected 
climate change scenarios. The purpose of this thesis is to provide a more comprehensive 
understanding of interactions between water and carbon under climate change. This 
information is anticipated to better inform forest managers and policymakers on the 
potential effects of climate change on Australian forest ecosystems, how they can better 
mitigate the negative feedback from climate change, and obtain more positive results for 
future water supply and carbon sequestration objectives. 
1.3 Research questions and the structure of the thesis 
The response of Australian terrestrial ecosystems to both historical and projected climate 
change was investigated using observation data, remote sensing data and ecohydrological 
models (Figure 1.1). The following questions are addressed in the thesis. 
1.3.1 How does vegetation respond to a drying climate? What is the 
difference between different vegetation types? 
In Chapter 2, vegetation dynamics and sensitivity to water inputs (rainfall and soil 
moisture) were examined on the Australian continent for the past long drought period 
(2002-2010) using multi-resource vegetation indices and gridded climate data. 
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1.3.2 What is the reason for the decline in streamflow in southwestern 
Australia?  
Chapter 3 investigates the reasons for the significant decline in streamflow in 
southwestern Australia for the period of 1982 to 2011. Chapter 3 was conducted at the 
catchment scale, because Chapter 2 found that forested areas were not sensitive to water 
inputs during the drought period (2002-2010). In addition, streamflow observation data 
are only available in individual gauges. Therefore, Chapter 3 was designed to study the 
response of water to climate change and vegetation change using long-term observed 
streamflow data in forested areas. But, forests in southeastern Australia were more 
sensitive to drought than in southwestern Australia (Section 2.5.3). Meanwhile, some 
previous research has shown that long-term drought resulted in the decline of streamflow 
in southeastern Australia. Therefore, only catchments in the southwestern Australia were 
analyzed in this chapter. In this chapter, 79 selected catchments in the southwestern 
Australia were analyzed using the Mann-Kendall trend test, Pettitt’s change point test and 
theoretical framework of the Budyko curve to study the rainfall-runoff relationship 
change and contributions of climate and vegetation change to streamflow.  
1.3.3 What is the interaction between water and carbon cycling in Aus-
tralian forest ecosystems under drought?  
In Chapter 4, the magnitude and trend of WUE of forest ecosystems, and its response to 
drought from 1982 to 2014 were analyzed using a modified version of the Community 
Atmosphere Biosphere Land Exchange (CABLE) land surface model in the BIOS2 
modelling environment. Droughts in Australian forest ecosystems were calculated by 
SPEI using long time climate data. 
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1.3.4 How do water yield and ecosystem productivity change under the 
predicted climate scenarios?  
Chapter 5 predicts how water yield and carbon sequestration will respond to future 
climate changes with the revised WaSSI-C model, serving for forest management and 
carbon mitigation in 222 HRSs across the Australia continent. Firstly, the performance 
of the revised WaSSI-C was assessed with measured streamflow at its 222 HRSs. Then 
50 climate scenarios, from 19 GCMs from the CMIP5 under RCPs (RCP2.6, RCP4.5, 
RCP6.0, and RCP8.5), were used as the future climate input for prediction of water yield 
and carbon sequestration. 
1.3.5 How to make the revised WaSSI-C handle big data and be more 
efficient?  
From Chapter 5 it was evident that it would be very time and computing consuming to 
use the revised WaSSI-C at a continental scale. Therefore, Chapter 6 parallelized the 
revised WaSSI-C, referred to a dWaSSI-C model, using distributed (MPI) and shared 
(OpenMP) memory parallelism techniques. This parallelization method was tested on 
Magnus - a Cray XC 40 supercomputer at the Pawsey Supercomputing Centre, in Perth, 
Australia.  
1.3.6 What are the key research questions that should be addressed in 
future research? 
Chapter 7 discussed the main results from this thesis and advocated some unanswered 
questions as candidates for further study. 
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Figure 1.1 Roadmap of thesis chapters and interrelationship of research topics.  
  
Chapter 1 
Introduction and Literature review 
Chapter 2  
The response of vegetation to drying 
climate 
Chapter 4 
The response of water and carbon processes to drought 
Chapter 3 
Effects of climate and vegetation 
change on water yield 
Chapter 5 
Projection of water and carbon to 
future climate change scenarios 
Chapter 6 
Model parallelization 
Chapter 7 
General discussion and Summary 
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Chapter 2. Vegetation dynamics and rainfall sensitivity for 
different vegetation types of the Australian continent in the 
dry period 2002-2010 
* 
  
                                                 
* This Chapter has been published at "Ecohydrology ". 
Liu, N., Harper, R., Dell, B., Liu, S., and Yu, Z. (2017). Vegetation dynamics and rainfall sensitivity for 
different vegetation types of the Australian continent in the dry period 2002-2010. Ecohydrology, 
10:e1811. https://doi.org/10.1002/eco.1811 
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2.1 Abstract 
Over the past 100 years, Australia has experienced pronounced changes in rainfall 
patterns, which in southwestern Australia (SWAU) has resulted in both a > 50% decrease 
of runoff since 1975 and effects on vegetation health. Resolving the dynamics of 
vegetation and climate is a prerequisite for predicting the response of vegetation to future 
climates and carbon mitigation objectives. With multi-resource vegetation indices (VIs; 
NDVI and LAI) and gridded climate data, this paper examines vegetation dynamics and 
sensitivity to rainfall change on the Australian continent for the past long drought period 
(2002-2010). We found that rainfall and VIs declined across 90% and 80% of the whole 
continent, respectively, compared to the baseline period of 2000-2001. The most dramatic 
declines in VIs occurred in open shrublands near the center of Australia and in SWAU, 
coinciding with significant reductions in rainfall and soil moisture. Overall, a strong 
relationship between water (rainfall and soil moisture) and VIs was detected in places 
where rainfall declined dramatically (up to 5 mm yr-1 since 1970). For five major 
vegetation types, croplands showed the highest sensitivity to water change, followed by 
grasslands and woody savanna. Moderate sensitivity of open shrublands to water change 
was found, while evergreen broadleaf forests only showed a slight sensitivity to soil 
moisture change. Although there was no consistent significant relationship between 
rainfall and VIs of evergreen broadleaf forests, forests in southeastern Australia (SEAU), 
where rainfall had declined since 1997, have become more sensitive to rainfall change 
than in SWAU. Our results provide evidence that, at this scale of assessment and with 
interpolated data sets, a lasting reduced rainfall pattern has been a key factor constraining 
vegetation growth over the Australian continent. 
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2.2 Introduction 
Significant changes of climate, including increasing temperature, changing precipitation, 
and extreme weather events, have dramatically affected terrestrial ecosystems (Bates 
et al., 2008). The globally averaged combined land and ocean surface temperature has 
increased by approximately 0.85 (0.65 to 1.06) °C since the late 19th century (Hartmann 
et al., 2013), while global precipitation has changed neither temporally nor spatially 
uniformly (Walther et al., 2002). Droughts have become more common, especially in the 
tropics and sub-tropics since about 1970 (Gergis et al., 2012; Heim, 2002; Solomon, 2007; 
Trenberth et al., 2013). Many regions have reported forest dieback resulting from drought 
(Brouwers et al., 2013a; Meir et al., 2015; Mishra and Singh, 2011; Ogaya 
et al., 2015; Phillips et al., 2010). For instance, the Amazon rainforest experienced two 
severe droughts in 2005 and 2010, which resulted in a total carbon loss of 1.2 to 1.6 
petagrams carbon in 2005 (Phillips et al., 2009) and 37% greater drought-stricken 
greenness decline in 2010 (1.68 million km2) than 2005 (0.32 million km2; Xu 
et al. (2011)). 
The Australian continent is experiencing significant climate change (Bureau 
of Meteorology, 2016). Furthermore, from 1997 to 2009, many parts of Australia were 
affected by the most severe drought in living memory, called the “Big Dry” (Ummenhofer 
et al., 2009; Van Dijk et al., 2013). The autumn/winter rainfall deficit of Australia, 
especially in the southeast and over large parts of Queensland, continues despite the 
exceptional La Niña wet years of 2011-2012 and record heat (Head et al., 2014). It is 
predicted that this dry trend for the Australian continent will continue and may become 
more serious in the future (Crosbie et al., 2010; McFarlane et al., 2012). Already, in some 
parts, the groundwater has declined to such an extent that it is now disconnected from 
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streams in forested catchments (Chen et al., 2014; Kinal and Stoneman, 2012; Smettem 
et al., 2013). Consequently, drought-induced Eucalypt and Corymbia mortality is being 
reported on the Australian continent (Evans and Lyons, 2013; Evans et al., 2013; 
Fensham and Fairfax, 2007; Harper, 2009; Matusick et al., 2013). 
More than 40 years of remote sensing data have been available globally since the first 
Landsat satellite was launched in 1972 (Richardson and Wiegand, 1977), and this 
provides opportunities for elucidating vegetation responses to climate change, especially 
at regional scales. Remote sensing-based vegetation indices, like NDVI, enhanced 
vegetation index (EVI), and LAI, have been broadly used for understanding effects of 
climate change and land cover change on vegetation and water (Ichii 
et al., 2002; Pettorelli et al., 2005; Piao et al., 2015; Pouliot et al., 2009). In addition, 
remote sensing data have also been used directly, such as with MODIS NPP (Paruelo 
et al., 1997; Zhao et al., 2005) or as inputs to ecohydrology models to estimate carbon 
sequestration (Sun et al., 2011). 
In Australia, remote sensing data have been broadly used to detect vegetation dynamics 
at both regional (Schmidt et al., 2015; Smettem et al., 2013) and continental scales 
(Donohue et al., 2009; Pickett-Heaps et al., 2014). For example, MODIS LAI, which can 
reasonably estimate LAI for most cover and land use types in Australia (Hill et al., 2006), 
was used to detect vegetation and rainfall dynamics in SWAU (Hill et al., 2006; Smettem 
et al., 2013). Using the fraction of photosynthetically active radiation, Australian 
vegetation cover was found to have increased by 8% from 1981 to 2006 (Donohue 
et al., 2009). Remote sensing has also been used to describe the impact of SM on NDVI 
using a satellite-based SM product across Australia between 1991 and 2009 (Chen 
et al., 2014). Drought is an important issue for forests, particularly as forests store 
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considerable amounts of carbon (Mu et al., 2013; Phillips and Lewis, 2014). Therefore, 
in order to balance water and carbon resources, we need to comprehensively understand 
drought and its impacts on vegetation. In this study, the last long drought period of the 
Australian continent (2002 to 2010), defined using the MODIS drought severity index 
(Mu et al., 2013), was selected to study effects of drought on vegetation. 
The aims of this paper were as follows: 1) to quantify net changes in water inputs (P and 
SM) and vegetation indices (NDVI and LAI) in Australia during the past drought period 
(2002-2010) compared to the baseline period of 2000-2001; and 2) to understand the 
sensitivity of each vegetation type to the dynamics of water inputs under drought 
conditions. The findings are expected to contribute to understanding the response of 
vegetation to drought (shortage of precipitation and soil water storage) in arid and semi-
arid ecosystems. 
2.3 Materials and methods 
2.3.1 Precipitation (P) data  
Monthly gridded rainfall data were obtained from the spatial climate datasets of the 
Australian Water Availability Project at 0.05° spatial resolution for the period 2000 to 
2010. The in situ rainfall data were from the Bureau of Meteorology Australia network 
of rain gauges and weather stations. A robust topography-resolving analytical method 
was used to generate the spatial dataset from in situ observations (Jones et al., 2009). 
These data are available from www.csiro.au/awap. 
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2.3.2 Vegetation indices (VIs) 
2.3.2.1 Normalized difference vegetation index (NDVI) 
The NDVI data set from 2000 to 2010 used in this study was derived from the Global 10-
day synthesis of SPOT vegetation images (VGT-S10; www.vito-
eodata.be/collections/srv/eng/metadata.show?id=164&currTab=inspire). The SPOT 
NDVI set consisted of 10-daily composite images at a spatial resolution of 1 km, which 
was synthesized from the “best available” observations registered in the course of every 
“dekad” by the orbiting earth observation system. In addition, the maximum value 
composite for each 10-day interval was also applied to minimize non-vegetation effects 
(Maisongrande et al., 2004). In order to further reduce potential noise, this data set was 
fitted by TIMESAT 3.11 using the Savitzky-Golay smoothing model (Jonsson 
and Eklundh, 2004). The revised 10-day 1 km NDVI data were aggregated to monthly 
0.05° to be consistent with the precipitation data. 
2.3.2.2 Leaf area index (LAI) 
The monthly LAI database from the Global Land Surface Satellite LAI 
product (http://glcf.umd.edu/data/lai/) was derived from AVHRR and MODIS time-
series reflectance data using general regression neural networks (Xiao et al., 2014). For 
the period 2000 to 2010, the LAI product was derived from MODIS surface-reflectance 
data. The original temporal resolution of this database was 8 days, so the maximum 8-
day value for each month was treated as the monthly value (Zhao et al., 2005). The 
original 1-km data were resized by ENVI 4.8 to 0.05° to be consistent with other 
databases. 
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2.3.2.3 Soil moisture (SM) 
The majority of the Australian landmass is recognized as belonging to an arid climate 
zone (Peers et al., 2014), especially with the dry season in the arid-desert-hot climate zone 
lasting up to 6 months. Therefore, soil water plays a very important role in the growth 
and survival of vegetation. In order to analyze the dynamics of soil water and impacts of 
soil water on vegetation, the remote sensing Climate Change Initiative SM was selected 
for this study. The daily SM with a spatial resolution of 0.25° was obtained from the 
European space agency climate change initiative project (www.esa-soilmoisture-
cci.org/node/93). This was developed from the active microwave data from TU-Wien 
(Wagner et al., 1996), passive microwave data from VUA-NASA (Owe et al., 2008), and 
simulations from GLDAS/Noah (Rodell et al., 2004). The original daily data had a lot of 
gaps because of sensor failure or sensitivity of vegetation to changes in observation 
wavelength. Here, algorithms were developed to gap-fill the missing data. First, we 
summarized the daily SM data from 1978 to 2013 (12,845 layers) into a monthly average 
SM for each year (432 layers). Second, the 432 monthly layers were aggregated to 
produce 12 monthly layers, which were treated as a climatological status of monthly SM. 
Third, the climatological SM layers were used as a “baseline” condition and a variate for 
interpolation using ANUSPLIN. For each month from 1978 to 2013, a sample of 1000 
pixels was randomly picked. The global SM was then interpolated to produce monthly 
images using a tri-variate partial thin plate spline incorporating a bi-variate thin plate 
spline as a function of longitude, latitude, and constant linear dependences on 
climatological SM (Yu et al., 2013). Finally, the missing-data area in the monthly SM 
data summarized from the original daily product was replaced with interpolated data. 
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2.3.3 Statistical methods 
2.3.3.1 Net change analyses 
Estimates of each monthly climate and vegetation variable (P, NDVI, LAI, and SM) were 
normalized by subtracting the mean annual value for 2000 and 2001. These two years 
were selected as a baseline from monthly data, because they both represent non-El Niño 
events and fairly normal conditions since 1995 (Mu et al., 2013). The net changes were 
then assessed by summation of the normalized changes to assess gains or losses over time, 
∆𝑣 =
∑ (𝑣−𝑣(2000,2001)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )
𝑛
1
𝑛
                        (2.1) 
 
where v was each of the monthly climate or vegetation variables (P, NDVI, LAI, and SM), 
and n was the total number (96) of monthly observations from 2002 to 2010. 
2.3.3.2 Sensitivity analysis 
Pearson’s correlation coefficient (R2) between annual water inputs and vegetation indices 
was calculated for each pixel, while a simple linear regression model (y = a ∗ x + b) was 
used between annual anomalies of water inputs and vegetation indices to analyze the 
sensitivity of each vegetation type to change in water inputs. All variables have been 
tested and met the assumption of Pearson’s test. 
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2.4 Results 
2.4.1 Vegetation features of the Australian continent 
Five land cover types were extracted from the 0.05° MODIS Land Cover Type product 
(MOD12 Q1; Friedl et al. (2010)) on the Australian continent. Based on the IGBP land 
cover classification method, these five types were evergreen broadleaf forest (EBF), open 
shrublands (OSH), woody savannas (WSA), grasslands (GRA), and croplands (CRO), 
with these making up 4%, 67%, 8%, 13%, and 8%, respectively. Figure 2.1a shows that 
the EBF was mainly distributed in SWAU and SEAU. Almost half of the Australian 
continent (the central inland area) belongs to the desert climate zone and is occupied by 
OSH. Other OSH occurs in the semi-arid climate area located in the middle-eastern part 
of the continent. WSA and CRO were the main vegetation types in Mediterranean and 
subtropical climate zones, which were generally adjacent to EBF. GRA is mainly found 
in northern Australia, and this area belongs to the tropical savanna climate zone. 
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Figure 2.1 (a) Main vegetation types of Australia derived from MODIS global land cover 
product (MCD12Q1) at 0.05 degree resolution (Friedl et al., 2010); (b) the standard 
deviation (SD) of monthly normalized difference vegetation index (NDVI) between 2002 
and 2010 for each 0.05 degree grid cell; and (c) time series of NDVI for five main 
vegetation types 
Figure 2.1b, c shows the standard deviation (SD) and the time series of monthly NDVI 
between 2002 and 2010 for the five main land cover types. EBF only occupied 4% of the 
study area and had the highest mean monthly NDVI at around 0.75 (Figure 2.1c), but 
with a slight seasonal variation with the second smallest SD at nearly 0.11 (Figure 2.1b). 
The dominant land cover type, OSH, presented the lowest monthly NDVI and SD at about 
0.28 and 0.08, respectively. Although WSA and CRO had a similar mean monthly NDVI, 
the latter had much higher seasonal variation (SD = 0.2) than the former (SD = 0.13). The 
second lowest greenness type, GRA, had a moderate seasonal variation (SD = 0.12). 
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2.4.2 Net changes between 2002 and 2010 
2.4.2.1 Precipitation and soil moisture 
Overall, about 90% of the study area showed a decline in precipitation compared with the 
baseline period of 2000-2001, with the largest decrease found in the center of Australia 
where rainfall was reduced by up to 70% between 2002 and 2010 (Figure 2.2a). SM 
significantly declined in 80% of the Australian continent during the drought period, 
especially in the northern area where the largest reduction (50%) was detected 
(Figure 2.3a). Most of high elevation area in the west and middle part of the continent 
experienced dramatic declines of SM. A slight increase of rainfall was found in SWAU 
and the southeast of Queensland State compared to the baseline period of 2000-2001. 
Although SWAU experienced a short period of increase from 2002 to 2010, rainfall, in 
the long-term, has decreased by up to 20% since the 1970s in this area 
(www.bom.gov.au/climate/change/#tabs= Tracker&tracker=trend-maps). 
As for each land cover type, about 90% of OSH, GRA, and CRO experienced a decline 
in rainfall (Figure 2.2b). In addition, precipitation also reduced across about 62% of the 
EBF and adjacent WSA by about 55%. Whereas, in contrast with the 65% rainfall decline 
in the southeast, 63% of EBF located in the SWAU were subjected to increased rainfall. 
However, although around 90% of the Australian continent has experienced a decline of 
rainfall, only 4% shows significant differences at the monthly scale (p < 0.05) during the 
2002-2010 period compared to the baseline period. Similarly, 80-90% of the GRA, OSH, 
CRO, and WSA exhibited declines in SM (Figure 2.3b). In contrast, half of the area in 
EBF showed increased SM with 8% of the area showing a significant change trend. 
Across the different vegetation types, OSH shows the highest decline of rainfall with this 
decreasing by a mean value of 30%, followed by GRA (20%; Figure 2.2b). In contrast, 
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forested areas like EBF and WSA only showed a slight reduction (less than 7% in 
average). 
 
Figure 2.2 Net normalized change in monthly precipitation (P) over the past drought 
period 2002-2010 compared to the baseline period of 2000-2001 (a) across the Australian 
continent and (b) comparison for different vegetation types derived from normalized 
difference vegetation index (NDVI) analysis. 
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Figure 2.3 (a) Net normalized changes in monthly Climate Change Initiative soil moisture 
(SM) in 0.25 degree and (b) comparison for different vegetation types by their mean 
monthly value between 2000 and 2001.  
2.4.2.2 NDVI and LAI 
Change patterns of NDVI and LAI were generally consistent and similar to the change of 
precipitation. Both NDVI and LAI have experienced a mild decrease, across about 85% 
of the entire Australian continent (Figure 2.4a, b). About 15% of the continent had a 
contrary net change of NDVI and LAI (mainly in South Australia), with a 7.5% increase 
in LAI and decrease in NDVI. As for the different vegetation types, forested areas showed 
much higher change (28%) than OSH (13%) and GRA (15%). LAI appears to be more 
sensitive to variations of rainfall than NDVI. In particular, LAI declines were most 
dramatic in the semi-arid region, including the southern part of Western Australia and the 
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eastern part of central Australia. The maximum net change of LAI was up to 70%, while 
it was only 30% for NDVI. Overall, coastal NDVI and LAI have increased during the 
drought years, while most inner parts of the continent showed a decreasing trend. In 
regard to different vegetation types, about 80% of OSH, GRA, and CRO experienced 
declining NDVI and LAI, with 64% for WSA. Nonetheless, < 30% EBF showed a 
decreased trend of NDVI and LAI with change amplitudes at about 15% in the west and 
30% in the east. Both NDVI and LAI significantly decreased in the OSH and GRA areas 
(Figure 2.4c, d), especially in the middle-eastern areas of central Australia where 
precipitation and SM have been decreasing since 2000. For EBF and CRO, around 25% 
of the area showed reverse net changes of NDVI and LAI. For instance, LAI significantly 
increased in SWAU (Smettem et al., 2013), while NDVI was almost stable from 2000 to 
2010. 
 
Figure 2.4 Net normalized spatial changes in monthly vegetation indices (VIs) for (a) 
normalized difference vegetation index (NDVI) and (b) leaf area index (LAI), and (c) 
comparison for different vegetation types of NDVI and (d) LAI over the past drought 
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period 2002-2010 compared to the baseline period of 2000-2001. White areas in (a) and 
(b) are the omitted land cover change area. 
2.4.2.3 Relationship between VIs and water inputs 
Overall, across the Australia continent, annual NDVI and LAI were strongly related to 
precipitation and SM. Figure 2.5 shows the relationships between VIs (NDVI and LAI) 
and water inputs (precipitation and SM). Here, we focused our analyses on the area 
without land cover change since 2000 using the MODIS land cover product. Except for 
part of the area in northern and southern Australia where precipitation has been increasing 
since 1970, strongly positive relationships between precipitation, NDVI, and LAI were 
detected in about 80% of the study area. Overall, the change of precipitation explained 
up to 92% and 81% of the change of NDVI and LAI, respectively. In addition, the 
relationship between NDVI and precipitation was stronger than that between LAI and 
precipitation (Figure 2.5a). Aside from the analysis of interactions between precipitation 
and NDVI, we investigated the relationship between SM and NDVI and LAI in different 
vegetation types as well. SM and both NDVI and LAI showed strongly positive 
correlations in most grid cells across the mainland Australia except for north-west 
Australia. Generally, the change of SM can explain up to 85% and 75% of the dynamics 
of NDVI and LAI, respectively. Nevertheless, a large area of inverse relationship between 
VIs and SM was observed in southern Australia, with a negative relationship between 
LAI and SM and a positive relationship between NDVI and SM (Figure 2.5b). 
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Figure 2.5 The relationships between mean annual precipitation (P) and vegetation 
indices (VIs; normalized difference vegetation index [NDVI] and leaf area index [LAI]), 
and between soil moisture (SM) and VIs (NDVI and LAI) from 2002 to 2010. The white 
areas in maps are the omitted land cover change area. The R2 is the Pearson’s correlation 
coefficient. 
Table 2.1 shows correlations between mean annual precipitation and NDVI for the 
different land cover types during the past drought period (2002-2010). There were 
significantly positive relationships (p < 0.05) between rainfall and NDVI and between 
rainfall and LAI for OSH, WSA, GRA, and CRO, where rainfall change could explain 
around 80% of vegetation dynamics. Although there was only a slight relationship 
between NDVI and rainfall in SAV, the LAI of SAV was significantly related to rainfall 
(R2 = 0.8). By contrast, in the EBF, variation of NDVI and LAI was not related to 
precipitation. Similarly, we found strong positive correlation relationships between VIs 
and SM. Positive relationship between NDVI and SM was most significant in shallow-
rooted plants, such as the GRA (R2 = 0.97 for NDVI and R2 = 0.67 for LAI). Besides, 
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NDVI and LAI of deep-rooted plants, such as EBF and WSA, were slightly related to SM 
(R2 ∼ 0.5, p < 0.05). In contrast to the relationship between VIs and precipitation, neither 
NDVI nor LAI was related to SM. In addition, the relationship between NDVI and SM 
for EBF in SEAU (R2 = 0.48, p = 0.04) was much stronger than in SWAU (R2 = 0.02, p 
= 0.74; Figure 2.8). 
Table 2.1 The relationships between different mean annual vegetation indices 
(normalized difference vegetation index [NDVI] and leaf area index [LAI]) and water 
inputs (precipitation [P] and soil moisture [SM]) for each land cover type. (R2 is the 
Pearson’s correlation coefficient; p is the p-value). 
 
2.4.2.4 Sensitivity of each vegetation type to the dynamics of water inputs 
Figure 2.6 shows the spatial sensitivity of VIs to water inputs in Australia from 2002 to 
2010. There was around 50% non-vegetation change area that showed significant 
sensitivity to the anomalies of precipitation and SM. The most sensitive vegetation was 
distributed in the southeast of Queensland and New South Wales, southern South 
Australia, and some parts of SWAU. Vegetation in the northwest of Western Australia 
and the center of Australia shows moderate sensitivity to precipitation and SM. Overall, 
vegetation was more sensitive to the dynamic of SM than precipitation, and LAI was 
more sensitive to water change than NDVI. Notably, 10% change of precipitation led to 
up to 6% change of NDVI and 9% change of LAI, while a 10% change of SM resulted in 
up to 22% change of NDVI and 28% change of LAI. Although the same percentage of 
vegetation showed significant sensitivity to precipitation and SM, around 12% of 
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vegetation in SWAU and the south of Australia was only sensitive to precipitation, while 
around 13% of vegetation in SEAU was only sensitive to SM. The sensitivity of 
vegetation to water change varied for each vegetation type (Figure 2.7 and Table 2.2). 
For NDVI, GRA showed the highest sensitivity to precipitation and SM, followed by 
OSH and WSA. A 10% change of precipitation and SM led to around 4.5% and 10% 
change of NDVI for GRA, respectively, and around 3% and 6% change of NDVI for 
OSH and WSA, respectively. Although CRO was partly sensitive (slope = 0.44) to 
precipitation, it was not sensitive to SM. On the contrary, EBF was not sensitive to 
precipitation but had moderate sensitivity to SM change. A 10% change of SM led to 
around 7.2% change of NDVI for EBF. For LAI, CRO had the highest sensitivity to 
precipitation change, with 8% change per 10% change of precipitation. Similar but higher 
sensitivity was found in GRA, WSA, and SAV compared to NDVI. A 10% change of 
precipitation and SM led to around 4.7% and 9.4% change of LAI for GRA, respectively; 
around 4.3% and 8.5% change of LAI for WSA, respectively; and around 3% and 6% 
change of LAI for SAV and OSH, respectively. For EBF, its LAI was not sensitive to 
either precipitation or SM. 
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Figure 2.6 The sensitivity of annual change of vegetation indices (VIs; normalized 
difference vegetation index [NDVI] and leaf area index [LAI]) to water inputs 
(precipitation [P] and soil moisture [SM]) from 2002 to 2010. The white areas in the maps 
are omitted land cover change and not statistically significant (p > 0.05) area. The Slope 
is derived from the linear regression model. 
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Figure 2.7 The sensitivity of annual changes of vegetation indices (normalized difference 
vegetation index [NDVI] and leaf area index [LAI]) to water inputs (precipitation [P] and 
soil moisture [SM]) from 2002 to 2010 for each of the six vegetation types. The regression 
lines are derived from a linear regression model. 
 
Table 2.2 The sensitivity of annual change of vegetation indices (normalized difference 
vegetation index [NDVI] and leaf area index [LAI]) to water inputs (precipitation [P] and 
soil moisture [SM]) from 2002 to 2010. The slope, proportion of variation explained (R2), 
and significance (p) are derived from a linear regression model. 
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2.5 Discussion 
2.5.1 Relationship between vegetation and water inputs 
Although the 2000s severe drought spread across almost the entire Australian continent, 
there was generally a trend of slight increase in terms of rainfall and SM from 2002 to 
2010 in forested areas (Figures 2.2 and 2.3). NDVI was very sensitive to variations of 
precipitation (R2 = 0.95, p < 0.01) and SM (R2 = 0.85, p < 0.01), indicating water was the 
main constraining factor of vegetation growth during this drought period. This finding is 
consistent with the study of Chen et al. (2014), which reported a strong positive 
relationship between monthly SM and NDVI. As for the different vegetation types, we 
found that the area in the arid climate zone with low vegetation indices, like OSH, GRA, 
and CRO, displayed a stronger relationship between VIs and water inputs than high 
density vegetation types in the temperate climate zone, like EBF and WSA. In addition, 
EBF and WSA were more significantly related to soil water content than precipitation 
(Table 2.1), this likely resulting from the long root system of forests (Dell et al., 1983). 
The continuous increasing LAI of forest in SWAU even under dry conditions was because 
the deep root system enabled trees to obtain enough water from groundwater (Smettem 
et al., 2013). Apart from water shortage, fire is another main factor affecting the NPP of 
forest and shrublands from 2001 to 2010 (Brouwers and Coops, 2016). The disturbance 
like fire could dramatically change the original land cover type and ecosystem functions 
and then lead to non-linear relationships between vegetation and climate changes. 
Surprisingly, 29% of the Australian continent showed an inversely proportional 
relationship between rainfall and NDVI during 2002-2010. Some OSH in southern 
Australia and in the middle of Western Australia was also subjected to moderate declines 
of rainfall but experienced a slight increase of NDVI during the dry period (Figure 2.5). 
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A similar result was also found in some dry areas, as drought-tolerant vegetation can 
quickly adapt to dry conditions, and moderate drought can enhance WUE (Raupach 
et al., 2013; Reich et al., 2014). In our study, increased NDVI in the OSH area may also 
be a result of an increase in precipitation compared to 1970 (2 mm/year) and a slight 
increase of temperature (www.bom.gov.au/climate/change/#tabs=Tracker&tracker-
=trend-maps). 
2.5.2 Sensitivity of vegetation to water changes 
Semi-arid ecosystems of Australia made a major contribution to the global carbon sink, 
taking up to 60% net carbon sink in 2011 following a rare wet event (Poulter et al., 2014). 
However, the vegetation cover has been sensitive to precipitation and SM since 1981 
(Chen et al., 2014; Poulter et al., 2014). In our study, excluding the vegetation change 
area, more than half of the vegetation cover showed significant sensitivity to the dynamics 
of precipitation and SM from 2002 to 2010. The sensitive vegetation types include CRO, 
GRA, WSA, and OSH. Similar responses of NPP were found in SWAU (Brouwers 
and Coops, 2016). By studying the relationship between monthly NDVI and 
SPEI, Vicente-Serrano et al. (2013) found that NDVI in inland non-forested areas of 
Australia was strongly related to SPEI in monthly scale from 1981 to 2006, and showed 
a relatively short time-lag (< 6 months) compared to the dynamic of SPEI. The response 
of vegetation to water is also reflected in WUE. The WUE of Australia’s semi-arid 
ecosystem increased during dry periods and decreased in wet periods, and this mainly 
resulted from inconsistent responses of evapotranspiration (ET) and gross primary 
productivity (GPP) to water shortage. Yang et al. (2016) found that ET was more 
sensitive to drought in inland dry non-forest areas, while gross primary productivity was 
more sensitive in east coastal-forested areas in Australia from 1982 to 2011. Unlike non-
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forested areas, forested ecosystems (EBF and WSA) in Australia showed inconsistent 
responses to precipitation and SM. Overall, forested areas were not sensitive to water 
shortage during the last long dry period, although a slight relationship between NDVI and 
SM was found in SEAU. However, SM has followed a declining trend since 1998 (Jung 
et al., 2010) and dramatically decreased from 2002 to 2010, resulting in SM becoming 
more important for vegetation growth since 2000 over mainland Australia (Chen 
et al., 2014). Lack of rainfall drives vegetation to consume soil water to survive, and this 
may explain a turning point in SM found between 2000 and 2003. Soil water availability 
would have affected the dynamics of not only non-forest but also forest, and the predicted 
decline in rainfall (Ali et al., 2012) may further suppress vegetation growth. 
2.5.3 Dynamic of evergreen broadleaf forest (EBF) under drought 
Overall, no consistently significant relationship between water inputs and VIs was found 
in EBF during the 2002 to 2010 drought. Moreover, EBF’s monthly NDVI was not 
sensitive to the SM dynamics either (Chen et al., 2014). Only NDVI was slightly related 
to SM in SEAU. Interestingly, current dry conditions have not resulted in the broad scale 
death of forest, suggesting that in general, forest can still obtain enough water to maintain 
growth and survival. Drought deaths have been reported in areas with poor water soil 
water storage (e.g., E. globulus plantations; Harper (2009)); however, these are only 
apparent at finer scales of investigation. However, EBF showed reversed responses to 
precipitation in both SWAU and SEAU. Greenness of forests in SEAU was consistent 
with the increase in precipitation, whereas increasing NDVI occurred with declining 
rainfall in SWAU. Moreover, VIs of EBF were found to be more sensitive to precipitation 
and SM in the SEAU than in SWAU (Figure 2.8a), which may be due to the precipitation 
of forested areas decreasing more dramatically in SEAU than in SWAU since the 1970s 
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(Figure 2.9). Classical ENSO was associated with a significant reduction in rainfall over 
northeastern and SEAU (Murphy and Timbal, 2008; Taschetto and England, 2009b), and 
these explained 44% of the rainfall variance in eastern Australia, two-thirds of the 2001-
2009 rainfall deficit, and about a third of the 1950-2009 rainfall trend (Van Dijk 
et al., 2013). In addition, the mean groundwater table depth was 20.4 and 39.7 m for EBF 
in the SWAU and SEAU (Fan et al., 2013), respectively, suggesting that EBF in SEAU 
can cope with a shortage of soil water under dry conditions. Long-term significant decline 
of precipitation in SEAU may have resulted in a shortage of groundwater supply for forest 
growth; therefore, a stronger correlation between forest and rainfall and SM was found 
in SEAU than SWAU. A similar result was also found in some areas in SWAU where 
groundwater storage and runoff have dramatically decreased after maintaining greenness 
of EBF under drought conditions (Hughes et al., 2012). There have been several forests 
dieback reports (Brouwers et al., 2013a; Evans and Lyons, 2013; Matusick, 2012) in the 
SWAU since 2001 when groundwater disconnection was detected in some piezometers 
by analyzing the salinity change (Kinal and Stoneman, 2012). This rainfall reduction has 
been associated with a 50% decrease in runoff observed in dams in SWAU (Petrone 
et al., 2010). In addition, some parts of the Western Australia also showed an increase in 
heavy rainfall events, resulting in changes in the shape of the distribution toward a more 
skewed precipitation distribution (Taschetto and England, 2009a). By analyzing shifts in 
the synoptic system, Hope et al. (2006) suggested that different synoptic types were 
related to observed rainfall changes in SWAU. Although a slightly increasing trend of 
precipitation was found in most parts of northwestern Australia since 1970 
(www.bom.gov.au/climate/change/#tabs=Tracker&tracker=trend-maps), precipitation 
and SM dramatically declined (more than a half) during 2002-2010 compared to the 
baseline period of 2000-2001, which resulted from the interactive result of the ENSO and 
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Indian ocean sea surface temperature (Taschetto and England, 2009a). This severe water 
shortage arising from the disconnection of groundwater and roots and along with extreme 
temperatures caused crown dieback of Mediterranean eucalypt forest in the Northern 
Jarrah Forest of SWAU (Brouwers et al., 2013b). Especially, in 2010/2011, 500 ha of 
woodland was severely affected in Northern Jarrah forest (Matusick, 2012), which 
suggested that even groundwater cannot keep providing enough water for vegetation’s 
demand after 10 years of growth under water shortage situation. 
 
Figure 2.8 Relationships between mean annual NDVI and water inputs ((a) precipitation 
[P] and (b) soil moisture [SM]), and between annual change of normalized difference 
vegetation index [NDVI] and water inputs ((c) precipitation [P] and (d) soil moisture 
[SM]) for evergreen broadleaf forests located in southwestern Australia (SWAU) and the 
southeastern Australia (SEAU). R2 is the correlation coefficient and p is the significance 
of the relationship derived from a linear regression model. 
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Figure 2.9 Time series of averaged annual total precipitation of evergreen broadleaf 
forests (EBF) located in southwestern Australia (SWAU) and southeastern Australia 
(SEAU) from 1984 to 2010. The dashed lines are the mean annual total precipitation 
during the two periods. 
2.5.4 Uncertainty and future plans 
The 5-km resolution Australian Water Availability Project climate dataset used in this 
study has been commonly used and validated, with errors of rainfall ranging from 19.6 to 
21.2 mm (Jones et al., 2009). Although missing data of the Climate Change Initiative soil 
moisture (SM) dataset were filled with averaged historical data in our study, there are still 
likely to be unexpected errors and uncertainties associated with remote sensing-based SM 
data. The accuracy of Climate Change Initiative soil moisture (SM) has been validated 
using the triple collocation technique with an average Spearman correlation coefficient 
of 0.46 for the absolute values and 0.36 for the SM anomalies (Dorigo et al., 2011). 
MODIS LAI was assessed by Hill et al. (2006) with historical and concurrent field 
measurements in Australia at the continental scale, and the results indicated that MODIS 
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LAI gave reasonable estimates for LAI for most land cover types and land use types, but 
that major overestimation of LAI occurred in some eastern Australian open forests and 
woodlands. Furthermore, Tarnavsky et al. (2008) found that native-resolution 
multisensors NDVI products showed large differences, suggesting the existence of 
uncertainty in the NDVI dataset. Moreover, around 25% of the area showed reverse net 
changes of NDVI and LAI in our study, which may be due to the data quality or the 
different responses of NDVI and LAI to climate change and fire. Although fire was not 
analyzed in this study, it can be an important factor affecting vegetation dynamics in a 
range of ecosystems (Brouwers and Coops, 2016). 
Rainfall in Australia is predicted to further decline in some regions by the end of the 21st 
century (McFarlane et al., 2012). The shortage of water inputs will result in further 
decline in groundwater under warming climate scenarios. Moreover, without enough 
groundwater supplies, frequent and severe drought is likely to result in far more serious 
dieback of forest. Even though forests only account for 4% of the whole Australian 
continent, they are an extremely important factor affecting water supplies and carbon 
storage. Therefore, it is urgent to understand the likely effects of soil and groundwater on 
vegetation with these future changes. As groundwater is hard to observe and remotely 
sense, highly accurate groundwater models should be developed to study the response of 
forest to water shortage in the predicted drying future. 
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2.6 Conclusions 
About 90% of the Australia continent experienced a significant net decline in rainfall and 
NDVI during the past drought period 2002-2010 compared to the baseline period of 2000-
2001. Non-forest vegetation types, like OSH, GRA, and CRO, were quite sensitive to 
dynamics of rainfall and soil water. In comparison, in forested areas, there was no 
significant decline of SM and land water content and no strong relationships between 
rainfall and NDVI. Our results are evidence that rainfall has been the key factor 
controlling vegetation growth after a long-term decline. However, for forested areas, 
groundwater rather than rainfall and surface SM likely played an important role in 
vegetation growth during the dry period when it was still sufficient and connected to the 
vegetation’s roots. Several model results indicate that rainfall will further decline in some 
regions by the end of the 21st century, which means the water deficit will be further 
enlarged. Moreover, without enough groundwater supply, frequent and severe drought 
would result in far more serious dieback of forest in the future. Therefore, it is urgent to 
understand how forested ecosystems respond to changes in water inputs. 
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Chapter 3. Responses of streamflow to vegetation and climate 
changes in southwestern Australia 
* 
  
                                                 
* This Chapter will be submitted to "Journal of Hydrology". 
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3.1 Abstract 
Southwestern Australia has been subjected to recent climate change, with air temperature 
increasing by 0.6 ◦C and mean annual precipitation reducing by 17% since 1970. Along 
with the significant climate change, dramatic declines of streamflow have occurred across 
the region. However, both forest dieback and an increasing trend of vegetation index have 
been observed, suggesting varied responses of vegetation to climate changes. In this study, 
69 catchments were analyzed using the Mann-Kendall trend test, Pettitt’s change point 
test and theoretical framework of the Budyko curve to study the rainfall-runoff 
relationship change, and effects of climate and vegetation change on streamflow. A 
declining trend and relatively consistent change point (2000) of streamflow were found 
in most catchments, with about 39 of them showing significant declines (p < 0.05, -79% 
to -21%) over 1982-2000 and 2001-2011. Most of the catchments have been shifting 
towards a more water-limited climate condition since 2000. Although streamflow is 
strongly related to precipitation for the period of 1982 to 2011, change of vegetation (land 
cover/use change and growth of vegetation) dominated the decrease of streamflow in 
about two-thirds of catchments. The results suggested that the decline of streamflow in 
SWAU, which resulted from changes in precipitation, temperature and vegetation, 
significantly varied for different catchments. For the study period, variation in vegetation 
cover, as a result of past management actions, contributed more to streamflow change 
than climate change, especially in forested catchments. Our results can be used to devise 
forest and water supply management options for south-western Australia under future 
drying climate scenarios. 
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3.2 Introduction 
Temperate forests, which hold a great amount of terrestrial carbon, are quite sensitive to 
climate change and particularly vulnerable to human land use; however, the net climate 
forcing and the response of temperate forests to climate change are still highly uncertain 
(Bonan, 2008). Forests in SWAU, which play a significant role in both water supply and 
carbon mitigation, are located in the temperate climate zone (Peel et al., 2007). SWAU 
has been experiencing profound climate change since 1950, because of the impacts of 
ENSO and Indian Ocean sea surface temperature (Taschetto and England, 2009; 
Ummenhofer et al., 2009). Precipitation in SWAU significantly declined from 1950 to 
1980, followed by a dramatic decrease in streamflow in 1975 (Bates et al., 2008). 
Although P of some catchments in SWAU has not shown a dramatic decrease trend since 
1989, streamflow and the runoff coefficient (the ratio of streamflow to P) demonstrated a 
significant decline with many streams shifting from perennial to ephemeral (Petrone et 
al., 2010). In addition, a gradual decline of surface water available for storage was 
observed in dams around Perth (the capital city of Western Australia) 
(www.watercorporation.com.au). The mean inflow of Perth dams decreased from the 
average of 180 GL between 1975 and 2000 to 80 GL after 2000. The water shortage in 
SWAU was a result of this significant decline of streamflow and led to a significant 
increase in seawater desalination for water supply. Moreover, it has been predicted that 
the drying trend in SWAU is likely to significantly affect various water balance 
components in the future (Ali et al., 2012; McFarlane et al., 2012). However, most 
vegetation in SWAU has been greening even under dry conditions for the past several 
decades (Donohue et al., 2009; Smettem et al. 2013). By analyzing the relationship 
between the vegetation index and water inputs (P and SM), Liu et al. (2017) found that 
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the change of vegetation indices, even during the driest period of 2002 to 2010, was not 
related to changes in water inputs for most of the forests in SWAU. Meanwhile, forest 
mortality was also reported in SWAU during that severe drought period (2002-2010) 
(Brouwers et al., 2013; Evans et al., 2013). The opposite trends of vegetation and 
streamflow indicated some potential interactions between vegetation and streamflow 
under the changing climate. It is thus essential to comprehensively understand the reason 
for the streamflow decline, to achieve carbon mitigation and fresh water supply targets. 
The decline of P has been considered as the main reason for the decrease in streamflow 
in SWAU since 1950, with 17% decline in P resulting in more than 50% reduction of 
streamflow (Petrone et al., 2010). It was predicted that the median projected decline (8%) 
of P in the future would result in 24% decrease in streamflow (Silberstein et al., 2012). 
Apart from the effects of climate variables, Smettem et al. (2013) found that the greening 
trend of forests in the south of SWAU was another factor that led to the decrease of 
streamflow and groundwater level. Although there is no consistent conclusion of the 
effects of land cover/use change on streamflow, vegetation is still a critical factor 
affecting streamflow in SWAU. Using fuzzy linear regression analysis in 145 global 
paired catchment experiments, Sahin and Hall (1996) concluded that 10% reduction in 
eucalyptus forest cover could lead to, in average, 6 mm increase in streamflow in the first 
5 years after the treatment. However, two recent paired catchment experiments in SWAU 
highlighted that even around 30% harvest and silvicultural treatments had no significant 
effect on streamflow (Kinal and Stoneman, 2011). In the long-term, P, ET and streamflow 
are the three main components of the water cycle in a catchment. Therefore, the dynamic 
of streamflow is dependent on the ratio of water output (ET) to input (P). In addition, 
streamflow and ET are affected by both climate and vegetation. To fully understand the 
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effects of climate and vegetation on streamflow, their relative contributions must be 
separated. 
To separate the effects of climate and land cover/human activities on streamflow, four 
main approaches were summarized by Dey and Mishra (2017), including (1) 
experimentation, (2) hydrological modelling, (3) conceptual approach and (4) analytical 
approach. The experimental approach, such as paired catchments, is the most accurate 
method to separate the effects of climate and vegetation on streamflow (Brown et 
al., 2005). There are several paired catchment experiments in SWAU (Bari and 
Ruprecht, 2003; Kinal and Stoneman, 2011; Ruprecht and Schofield, 1989, 1991a, b). 
However, the selection criteria for the “identical catchment” could be extremely hard to 
achieve and the experiment needs long-term observation data for the calibration. In 
addition, most of the existing paired catchments are on a small scale (Zhang et al., 2017), 
because it is very hard to conduct and monitor these experiments in a large area. As for 
the hydrological modelling approach, the selected hydrological model must be calibrated 
and validated at first for a reference period, which can be quite time-consuming (Chang 
et al., 2016; Salazar et al., 2013; Tang et al., 2011). The main idea of using hydrological 
models is to fix either a climate or vegetation variable for each simulation. However, it is 
still hard to address the interactive effects of climate and land cover on streamflow in 
reality, because the change of vegetation can be affected by both climate and human 
activities. Conceptual and analytical approaches are based on mathematical analysis and 
an assumption that water balance in catchments remains steady for the long-term without 
significant change of vegetation and climate. Therefore, long-term observation of data is 
required to get the long-term water balance for the study catchment. These methods are 
applicable for both large and small catchments, and are especially useful in large 
catchments where it is too difficult for experimental methods to be applied. The 
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sensitivity and decomposition methods, which were derived from Budyko’s framework 
(Budyko, 1974), have been commonly used to separate the effects of climate and 
vegetation change on streamflow (Gao et al., 2016; Li et al., 2012; Li et al., 2015; Zhao 
et al., 2014). 
Catchments in SWAU, with long-term high-quality streamflow data since 1982, were 
studied: (1) to accurately identify the change points and trends of annual streamflow, 
climate variables and vegetation index; (2) to study the relationships between streamflow, 
climate variables and vegetation at the catchment scale; (3) to quantify the relative 
contributions of climate change and vegetation to streamflow using Budyko’s framework. 
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3.3 Material and methods 
3.3.1 Study sites 
There are around 700 gauging stations in Western Australia 
(www.bom.gov.au/waterdata/). Based on the availability of observed streamflow data 
from 1982 to 2011, 69 stations were selected for this study (Figure 3.1a), which are 
located in all of the main basins in SWAU (Figure 3.1b). These 69 stations have a long-
period (> 20 years between 1982 and 2011) and high-quality (uncertainty < 20%) 
streamflow observations. The area of selected catchments ranges from 0.87 km2 to 4508 
km2. 44 catchments are mainly covered by Eucalyptus open forest (Eucalyptus forest), 
while others are dominated by cleared/non-native vegetation (Woodland and Croplands). 
All the catchments are located in the Temperate Climate Zone and in water-limited areas 
(dryness index (DI) > 1), with mean annual P and air temperature ranging from 503 to 
1092 mm yr-1 and 15.3 to 18.6 °C, respectively. Geographically, T increases from the 
south to the north, while P decreases from the coast to the inland (Figure 3.2). The mean 
NDVI of these catchments ranges from 0.47 (in non-forest dominant catchments) to 0.81 
(forest catchments). The evaporative index (EI, defined as ET/P) of these catchments is 
very high (> 0.73) due to the dry climate (Figure 3.3). More details of these catchments 
are in Table 3.1 and Table 3.S1. 
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Figure 3.1 (a) Location of the 69 catchments and (b) main basins and rivers in 
southwestern Australia. 
 
Figure 3.2 Long-term (1982 to 2011) annual average dryness index (PET/P, the ratio of 
potential evapotranspiration to precipitation) against evaporative ratio (ET/P, the ratio of 
evapotranspiration to precipitation) for each catchment. The dashed line serves as an 
envelope (energy-limit and water-limit) to the Budyko curve family, while other curve 
lines represented different m in using Fu’s equation.  
(a) (b) 
m=1.3 
m=1.8 
m=3 
m=5 
m=10 
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Table 3.1 Basic information for each catchment from 1982 to 2011. 
Station Name Longitude Latitude 
Area 
(Km2) 
River name Basin name 
Forest 
percent 
(%) 
NDVI 
PET 
(mm) 
PAWC 
(%) 
WTD 
(m) 
602004 Stevens Farm 118 -34.89 2179.8 Kalgan River Albany Coast 26 0.57 1491.3 59.6 44.6 
602005 Anderson Farm 118.01 -34.89 48 Chelgiup Creek Albany Coast 16 0.66 1495.5 58.6 34.1 
602014 Billa Boya Reserve 117.87 -34.93 155.6 King River Albany Coast 11 0.66 1510.1 58.4 29 
602015 Warren Road 117.88 -34.93 177.8 Mill Brook Albany Coast 20 0.66 1481.6 58.2 40.5 
602031 Cheynes Beach Road 118.33 -34.89 238.3 Waychinicup River Albany Coast 22 0.65 1532.6 60.1 37.1 
602199 Black Cat 118.08 -34.95 49.2 Goodga River Albany Coast 38 0.65 1485.7 56.5 25.5 
603003 Kompup 117.22 -34.7 241.9 Denmark River 
Denmark 
Coast 
67 0.71 1497.8 59.8 29.2 
603004 Sunny Glen 117.48 -34.91 1210.6 Hay River 
Denmark 
Coast 
38 0.66 1493.2 57.8 33.5 
603005 Beigpiegup 117.39 -34.83 51.4 Mitchell River 
Denmark 
Coast 
88 0.74 1528.9 61.1 20.7 
603007 Sleeman Road Bridge 117.5 -34.96 75.7 Sleeman River 
Denmark 
Coast 
19 0.68 1560.9 58.3 31.5 
603013 Eden Road 117.49 -35 61.1 Cuppup River 
Denmark 
Coast 
17 0.7 1571.7 77.1 10.2 
603136 Mt Lindesay 117.31 -34.87 502.4 Denmark River 
Denmark 
Coast 
79 0.72 1511.6 60.2 24.9 
604001 Rocky Glen 117.04 -34.62 1069.9 Kent River Kent River 34 0.59 1524.3 56.7 25 
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Station Name Longitude Latitude 
Area 
(Km2) 
River name Basin name 
Forest 
percent 
(%) 
NDVI 
PET 
(mm) 
PAWC 
(%) 
WTD 
(m) 
604053 Styx Junction 117.09 -34.89 1806 Kent River Kent River 54 0.64 1521.7 59.1 24 
605012 Mount Frankland 116.79 -34.91 4508.9 Frankland River 
Frankland 
River 
31 0.55 1571.6 65.8 45.1 
606001 Teds Pool 116.62 -34.77 467.8 Deep River 
Shannon 
River 
99 0.8 1507.2 67.7 23.2 
606002 Wattle Block 116.52 -34.69 24.2 Weld River 
Shannon 
River 
99 0.78 1504.9 72.4 21.8 
606195 
Ordnance Road 
Crossing 
116.58 -34.81 250.2 Weld River 
Shannon 
River 
96 0.81 1505.2 71 21.7 
607003 Wheatley Farm 116.28 -34.37 2821.1 Warren River Warren River 64 0.64 1571.2 65.7 32.8 
607004 Quabicup Hill 116.46 -34.33 666.7 Perup River Warren River 83 0.67 1585.3 68.1 31.5 
607007 Bullilup 116.68 -34.25 983.1 Tone River Warren River 35 0.57 1590.1 65.6 47.7 
607013 Rainbow Trail 116.02 -34.43 249.4 Lefroy Brook Warren River 65 0.78 1545.6 82.5 12.5 
607144 Quintarrup 116.35 -34.35 460.5 Wilgarup River Warren River 71 0.68 1548.5 69.4 18.3 
607220 Barker Rd Crossing 115.9 -34.52 3933.7 Warren River Warren River 66 0.68 1564 69.7 28.3 
608002 Staircase Road 115.84 -34.39 30.3 Carey Brook 
Donnelly 
River 
99 0.77 1576 80.7 23.1 
608151 Strickland 115.78 -34.33 782.1 Donnelly River 
Donnelly 
River 
77 0.75 1576.2 73.7 23.2 
609002 Brennans Ford 115.3 -34.28 627.7 Scott River 
Blackwood 
River 
45 0.69 1679.2 67.7 6.5 
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Station Name Longitude Latitude 
Area 
(Km2) 
River name Basin name 
Forest 
percent 
(%) 
NDVI 
PET 
(mm) 
PAWC 
(%) 
WTD 
(m) 
609017 Brooklands 115.95 -33.8 548.9 Balingup Brook 
Blackwood 
River 
73 0.68 1670.4 76.5 35.8 
609018 Barrabup Pool 115.69 -33.94 552.3 St John Brook 
Blackwood 
River 
84 0.7 1662.1 60 21 
610001 Willmots Farm 115.05 -33.94 443 Margaret River 
Busselton 
Coast 
64 0.68 1625.1 69.5 13.1 
611004 Boyanup Bridge 115.73 -33.48 808.4 Preston River Preston River 61 0.66 1708.9 83.9 29.6 
611007 Sw Hwy Ferguson 115.7 -33.35 144.9 Ferguson River Preston River 46 0.64 1813.7 84.8 17.2 
611111 
Woodperry Home-
stead 
115.95 -33.63 102.1 Thomson Brook Preston River 65 0.66 1678.5 88.5 29.5 
612001 Coolangatta Farm 116.26 -33.33 1345.2 Collie River East Collie River 70 0.6 1707.7 67.7 30.2 
612004 Worsley 116.05 -33.31 32.3 Hamilton River Collie River 96 0.63 1723.7 66.2 19.9 
612014 Palmer 116.28 -33.28 366.1 Bingham River Collie River 90 0.62 1719.9 66.7 29 
612022 Sandalwood 115.92 -33.22 116.2 Brunswick River Collie River 85 0.62 1731.4 75.3 23.6 
612032 Cross Farm 115.75 -33.25 509.4 Brunswick River Collie River 42 0.62 1836 84 11.5 
612034 South Branch 116.16 -33.39 661.6 Collie River Collie River 69 0.6 1698.2 69.6 22 
612230 James Crossing 116.58 -33.38 170.6 Collie River East Trib Collie River 44 0.55 1696.1 65.8 37.6 
613002 Dingo Road 116.04 -33.09 147.2 Harvey River Harvey River 100 0.68 1720 67 28.8 
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Station Name Longitude Latitude 
Area 
(Km2) 
River name Basin name 
Forest 
percent 
(%) 
NDVI 
PET 
(mm) 
PAWC 
(%) 
WTD 
(m) 
613007 Waterous 115.95 -32.95 13.6 Bancell Brook Harvey River 92 0.63 1700.7 67.7 25.1 
613053 Johnston Road 115.77 -32.92 48.7 Meredith Drain Harvey River 34 0.53 1883.2 55.5 16 
613146 Hillview Farm 115.92 -33 17.1 Clarke Brook Harvey River 91 0.62 1722.4 66.8 7.7 
614003 Brookdale Siding 115.97 -32.7 45.6 Marrinup Brook Murray River 92 0.64 1726.3 66.5 17.9 
614007 Del Park 116.04 -32.67 1.3 South Dandalup Trib Murray River 100 0.62 1742.6 63.2 26.3 
614017 Warren Catchment 116.03 -32.59 0.9 Little Dandalup Trib Murray River 100 0.63 1752.9 62.6 41.5 
614018 Bennetts Catchment 116.03 -32.6 0.9 Little Dandalup Trib Murray River 100 0.63 1755.6 64.5 41.5 
614021 Lewis Catchment 116.06 -32.57 2 North Dandalup Trib Murray River 98 0.59 1729.2 69.3 49.7 
614030 Dog Hill 115.86 -32.34 469.7 Serpentine Drain Murray River 81 0.64 1779 62.9 29.9 
614036 North Road 116.06 -32.54 79.7 North Dandalup River Murray River 95 0.61 1737.8 70 21.4 
614037 O’Neil Road 116.19 -32.51 149.4 Big Brook Murray River 100 0.62 1747.1 64.4 33.8 
614060 Gordon Catchment 116.26 -32.63 2.1 
South Dandalup R. 
Trib 
Murray River 100 0.62 1773.1 74.5 30.6 
614062 Bates Catchment 116.03 -32.58 2.2 Little Dandalup Trib Murray River 100 0.59 1750.2 64.3 33.3 
614196 
Saddleback Road 
Bridge 
116.43 -32.99 1408.3 Williams River Murray River 23 0.5 1722.4 76.7 47.4 
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Station Name Longitude Latitude 
Area 
(Km2) 
River name Basin name 
Forest 
percent 
(%) 
NDVI 
PET 
(mm) 
PAWC 
(%) 
WTD 
(m) 
614224 
Marradong Road 
Bridge 
116.4 -32.87 3967.1 Hotham River Murray River 29 0.47 1758.9 72.5 39.8 
616001 Karls Ranch 116.12 -31.73 514.7 Wooroloo Brook Swan Coastal 45 0.54 1825.2 49.7 57.6 
616013 Ngangaguringuring 116.4 -31.94 327 Helena River Swan Coastal 87 0.51 1837.5 45.8 50.3 
616019 Yalliawirra 116.12 -31.67 1521.9 Brockman River Swan Coastal 49 0.5 1875.6 60.1 57.6 
616021 Travellers Arms 116.09 -32.25 7.2 Seldom Seen Creek Swan Coastal 97 0.65 1757.1 55 35.3 
616022 Ceriani Farm 116.08 -32.25 3.4 
More Seldom Seen 
Creek 
Swan Coastal 99 0.59 1758.9 48.8 40 
616023 Mount Curtis 116.08 -32.21 8.6 Waterfall Gully Swan Coastal 100 0.61 1766.2 61.9 68.4 
616026 31 Mile Road 116.16 -32.23 11 31 Mile Brook Swan Coastal 96 0.64 1767.5 61.2 46.4 
616027 Seaforth 116.02 -32.09 876.6 Canning River Swan Coastal 92 0.64 1781.1 57.5 41.1 
616041 Vardi Road 116.11 -32.25 80.8 Wungong Brook Swan Coastal 90 0.66 1759.7 63.3 40.9 
616178 National Park 116.09 -31.88 73.4 Jane Brook Swan Coastal 54 0.62 1793.6 55.7 60.8 
616189 Railway Parade 116.02 -31.75 581.5 Ellen Brook Swan Coastal 47 0.48 1883.7 48.4 37.2 
616216 Poison Lease Gs 116.29 -31.97 590.9 Helena River Swan Coastal 89 0.54 1836.4 51.5 49.7 
617003 Bookine Bookine 115.63 -31.32 1370.7 Gingin Brook 
Moore-Hill 
Rivers 
45 0.47 1892.3 51.6 37.2 
 
Note: NDVI is normalized difference vegetation index, PET is potential evapotranspiration, PAWC is plant available water content and WTD is water table depth. 
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3.3.2 Data 
Monthly streamflow of 69 gauge stations in the SWAU was obtained from the 
Department of Water. To reach the annual water balance for each year, the water year 
instead of the calendar year was used for calculating annual streamflow and all other 
variables in this study. The start and end month of the water year were calculated using 
the long-term monthly average of observed streamflow in each station. The water year 
begins with the month recording the minimum average monthly streamflow over the 
period of the data. The nominal year of the water year is the same as the calendar year 
when the start month is before July, otherwise, it is the following calendar year. Monthly 
climate data (T and P) and PET data were aggregated from 0.05◦ spatial resolution datasets 
of the Australian Water Availability Project (www.csiro.au/awap) for the period of 1982 
to 2011 (Jones et al., 2009). NDVI, derived from Global Inventory Monitoring and 
Modeling System (GIMMS)’s 1/12-degree data, was used to analyze the dynamic of 
vegetation for each catchment. Vegetation type for each catchment was derived from the 
National Vegetation Information System (NVIS) of Australia. There are mainly 33 Major 
Vegetation Groups (MVG) from NVIS Version 4.1 dataset 
(www.environment.gov.au/land/native-vegetation/national-vegetation-information-
system). 
3.3.3 Statistical methods 
Mann-Kendall (MK) trend test (Burn and Elnur, 2002) and Pettitt’s change point test 
(Pettitt, 1979) were used for analyzing the dynamic of all variables. For catchments where 
a significant breakpoint (p < 0.05) was detected by Pettitt’s change point test method, the 
period of 1982 to 2011 was split into two sub-periods (pre-change: 1982 to breakpoint -
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1, and post-change: breakpoint +1 to 2011). Runoff coefficient was defined as the ratio 
of the amount of runoff to the amount of received P. In this study, it was calculated as the 
slope of the linear regression method between annual P and streamflow. The slopes 
(Runoff coefficient) of the linear regression models between annual P and streamflow for 
the pre-change period and post-change period were compared for difference using the 
“smatr” common slope test package in R 3.2.3. The relationships between streamflow, 
climate and vegetation variables were evaluated using Spearman’s rank correlation in R 
3.2.3 (Van de Wiel and Di Bucchianico, 2001). 
3.3.4 Elasticity method 
For catchments with a significant breakpoint (p < 0.05) of streamflow from 1982 to 2011, 
elasticity method was used to separate the contribution of climate and vegetation to 
streamflow. The change of annual streamflow from pre-change period to post-change 
period is defined as ∆Q. From the long-term period, Budyko’s framework has been 
broadly used to reflect the reference condition of a catchment (Budyko, 1974). In this 
study, Fu’s revised Budyko equation (Equation 3.1) (Fu, et al. 1981) was used for 
analyzing the dynamic of water balance in each catchment (Figure 3.2). In Fu’s equation, 
a parameter m, which is set as constant 2.6 in the default Budyko curve, is used to reflect 
the variation of water balance for different catchment characters. 
EI = F (DI) = 1 + DI - (1 + DIm) (1/m)    (3.1) 
 
where, DI is the dryness index (potential evapotranspiration (PET)/precipitation (P)), EI 
is the evaporative index (evapotranspiration (ET)/precipitation (P)) and m is the 
catchment characteristic reflecting the soil property, slope of the catchment, soil water 
content and vegetation information. 
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In a long-time period, change in soil water storage can be ignored in a catchment, so that 
water balance includes three components, P, ET and streamflow. Assuming that P, PET 
and m are independent variables in Fu’s equation (Equation 3.1), ∆Q is deduced from the 
variations of these three components (∆P, ∆PET, and ∆m) (Equation 3.2). The contributions 
of these three variables (P, PET and m) were calculated using the P elasticity of 
streamflow (εP, Equation 3.3), the PET elasticity of streamflow (εPET, Equation 3.4), and 
the catchment landscape elasticity of streamflow (εm, Equation 3.5) (Gao et al., 2016). 
 
∆Q = εP ∗ ∆P + εPET ∗ ∆PET + εm ∗ ∆m    (3.2) 
 
εP = 1 + DI ∗ F
’ (DI)/ (1 - F (DI))     (3.3) 
 
εPET = -DI ∗ F
’(DI) * (1 - F (DI))     (3.4) 
 
εm = -m ∗ F
’(m)/ (1 - F (DI))      (3.5) 
 
From Equation 3.1, the first derivative of F with respect to DI (F’(DI), equation 3.6) and 
m (F’(m), Equation 3.7) are followed (Gao et al., 2016): 
 
F’(DI) = 1 – DI(m-1) ∗ (1 + DIm)1/(m-1)    (3.6) 
 
F’(m) = ((1 +DIm)1/m * ln (1 + DIm))/m2 - DIm ∗ (1 + DIm)1/(m-1) ∗ ln(DI)/m  (3.7) 
 
Generally, the catchment parameter (m) reflects the structure of vegetation, soil type, 
topography, and climate seasonality of the catchment (Donohue et al., 2010, 2012; Shao 
et al., 2012; Yang et al., 2009; Zhang et al., 2008; Zhao et al., 2010; Zhang et al., 2011).  
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3.4 Results 
3.4.1 Dynamics of climate, vegetation and water variables for catch-
ments in SWAU 
Since 1982, SWAU has experienced a significant warming trend (Figure 3.3). No 
catchment showed a significant trend or change point of P since 1982. However, a 
decrease (less than - 15%) of P was observed in most of the catchments, while some 
catchments in the southeast of SWAU experienced a slight increase of P (less than 16%) 
(Figure 3.3a). The breakpoint (not significant) of P for relatively dry catchments was 
generally in 1999, while it was in 1987 for relatively wet catchments. For T, no significant 
trend was observed for annual minimum temperature (Tmin). But annual maximum 
temperature (Tmax) (Figure 3.3c) and annual mean temperature (Tmean) (Figure 3.3b) 
significantly increased in 55 and 27 catchments from 1982 to 2011, respectively. 
Meanwhile, Tmax has considerably risen in most of those catchments since 1993 (Figure 
3.3c), while a significant rise of Tmean generally happened after 2008. The increase in 
Tmean ranges from 0.41 to 0.77 ◦C between the pre-change and the post-change period 
(Figure 3.3b). The most considerable rise in Tmean (> 0.7 ◦C) was observed in the 
northern area of SWAU, while moderate warming (0.6 ◦C - 0.7 ◦C) was found in the 
southern area of SWAU. The increase in Tmax (0.56 - 0.87 ◦C) was spatially consistent 
and more considerable than the increase in Tmean.  
Most of the catchments (66 of 69) in the SWAU illustrated an increase of NDVI since 
1982, while NDVI decreased in a few catchments in the northwest part of SWAU (Figure 
3.3d). The change of NDVI ranges from -1.7% to 25.7% and it was higher in forested 
catchments (mean of 9.2%) than in non-forest catchments (mean of 5.3%). 28 catchments 
including 16 forest catchments showed a significant (p < 0.05) increasing trend of NDVI. 
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Meanwhile, catchments with a significant change of NDVI were dominantly located in 
the southeast and northern Jarrah forest areas. The breakpoint of NDVI for each 
catchment occurred gradually without a clear spatial and temporal pattern, but it occurred 
before 2000 in most of the catchments.  
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Figure 3.3 Spatial changes of (a) annual precipitation (P), (b) annual mean temperature 
(Tmean), (c) annual maximum temperature (Tmax) and (d) annual mean normalized 
difference vegetation index (NDVI) between pre-change period and the post-change 
period for each catchment. Red boundary means that significant (p < 0.05) breakpoint of 
streamflow was found in the catchment from 1982 to 2011. 
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The results from MK trend and Pettitt’s change point analysis demonstrated that 45 of 69 
catchments experienced a significant decrease in streamflow since 1982, while 37 of 69 
catchments had a significant breakpoint. The change of streamflow for all catchments 
ranged from -80% (-210 mm yr-1) to 65% (14.3 mm yr-1) (Figure 3.4a). For those 37 
catchments with a significant breakpoint, 30 of them, accounting for 68% of Eucalyptus 
forest catchments, were dominated by Eucalyptus forest, while only 7 of 25 non-forested 
catchments demonstrated a significant breakpoint. More forest dominant catchments 
illustrated a dramatic decrease in streamflow (average of - 60%) than non-forested 
catchments (average of - 46%). Spatially, more catchments in the north part of SWAU, 
especially in the northern Jarrah forest area, showed a dramatic decline in streamflow 
than in the south (Figure 3.4a). In addition, streamflow of 80% of these catchments 
dramatically changed in 2000, while 1996 was the breakpoint year for most of the 
remaining catchments. 
 
Figure 3.4 Change of (a) streamflow and (b) runoff coefficient from the pre-change period 
to the post-change period of streamflow. Red boundary means that significant (p < 0.05) 
breakpoint of streamflow was found in the catchment from 1982 to 2011. 
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3.4.2 Changes of climate and water conditions 
Most of catchments in SWAU shifted towards a more water-limited situation in the post-
change period relative to the pre-change period, with the increase in DI ranging from -
0.21 to 0.58. The increase in DI gradually increased from the south to the north of SWAU, 
which was consistent with the spatial dynamics of T. In addition, there was no difference 
between forested catchments and non-forested catchments regarding the change of DI. In 
comparison with DI, the increase in EI (the mean of 0.05) was much less than the rise in 
DI (the mean of 0.18) between those two periods. In spatial terms, the increase in EI for 
forest catchments was higher in the north (Swan Coastal basin and Murray River basin) 
than in the south, but there was no clear spatial pattern for non-forested catchments. For 
most of the catchments (57 of 69), the dynamic of DI was more severe than the change 
of EI. The ratio of EI to DI (d) in forest dominated catchments (average of 0.44) was 
higher than that in non-forested catchments (average of 0.43). The d in non-forest 
catchments was a slightly larger in catchments without significant change of streamflow 
(average of 0.44) than in catchments with a significant change of streamflow (average of 
0.422). In spatial terms, d of catchments was higher in the south than in the north, with 
the lowest in Murray Basin for forest catchments and in Swan Coastal basin for non-forest 
catchments. Moreover, the change of d between the pre-change period and the post-
change period was much higher in forest catchments (average of 0.43) than in non-forest 
catchments (average of 0.3). 
As for runoff coefficient, 67 of 69 catchments demonstrated a decline between the pre-
change and the post-change period, with the change ranging from -0.70 to 0.06. 37 of 69 
catchments, including 25 forest catchments, illustrated a significant breakpoint (p < 0.05) 
from 1982 to 2011. Moreover, runoff coefficient decreased more severe in forest 
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catchments (-0.69 to -0.06) than in non-forest catchments (-0.44 to -0.01), with the 
average of -0.14 and -0.13, respectively. As for catchments with a significant decline of 
runoff coefficient, only 24 of them showed a dramatic decrease of streamflow, indicating 
that the other 14 catchments illustrated these catchments has experienced a shift of the 
relationship between rainfall and runoff even without a significantly decline of 
streamflow during the study area, which suggests that there may be other factors affecting 
the rainfall-runoff relationship in these catchments. The decrease in runoff coefficient 
was more severe in the north than in the south, with the largest decline in the Swan Coastal 
and Murray basins. Details of runoff coefficient changes can be found in Table 3.S2. 
 
Figure 3.5 Change of (a) dryness index (DI) and (b) evaporative index (EI) from the pre-
change period to the post-change period of streamflow. Red boundary means that 
significant (p < 0.05) breakpoint of streamflow was found in the catchment from 1982 to 
2011. 
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3.4.3 Relationships between climate, streamflow and vegetation varia-
bles 
Spearman’s rank correlation was used to study the relationship between annual climate 
variables (P and T), streamflow and NDVI from 1982 to 2011. Overall, only streamflow 
and P demonstrated very high correlations for the 69 catchments (Table 3.S3). 
Streamflow was significantly (p < 0.05) related to P in 67 catchments, with the 
correlation coefficient (rho) of Spearman test’s ranging from 0.39 to 0.89. Only a few 
catchments demonstrated a significant relationship between streamflow and NDVI and 
between streamflow and T. The number of catchments with a significant relationship 
between streamflow and NDVI and between streamflow and T was 13 (9 forested 
catchments) and 8 (5 forested catchments), respectively. For forested catchments, the rho 
between NDVI and streamflow ranged from -0.71 and 0.41, while the rho between T and 
streamflow ranged from -0.48 to -0.34. As for NDVI, only a few catchments demonstrated 
a significant relationship with P and T. 5 catchments showed the significant positive 
relationship between NDVI and P, with rho ranging from 0.35 to 0.44. 
3.4.4 Characterizing streamflow sensitivity to vegetation and climate 
change 
The estimated m values in Fu’s equation for the period of 1982 to 2011 are shown in 
Table 3.S1. m of the 69 catchments ranged from 1.94 to 5.43 with a mean of 2.9, with no 
significant spatial pattern in the SWAU. The highest m was found in the forested 
catchments located in the south of SWAU and some catchments in the Swan Coastal Plain 
and Murray River Basin. A strong negative relationship was found between m and 
streamflow in the SWAU (Figure 3.6). In general, a higher value of m corresponds to a 
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higher ET and hence a lower streamflow for a given P and PET. m of most forested 
catchments was much higher than that of non-forested catchments, except some 
catchments in the Murray River and Swan Coastal Basins (Figure 3.2). 
 
Figure 3.6 Relationship between annual mean streamflow and catchment character (m) in 
Fu’s equation for catchments with a significant change of streamflow from 1982 to 2011. 
 
In general, the streamflow in the SWAU showed the highest positive sensitivity to the 
change of P, while negative sensitivity was found to changes in PET and m. 10% increase 
in P may increase streamflow by 24.4% on average, while a 10% increase in PET (or m) 
may decrease streamflow by 14.4% (or by 25.7%). Moreover, the streamflow in 28 of 39 
catchments was more sensitive to vegetation change than climate variability. As shown 
in Table 3.2, the mean values of εP, εPET and εm in the forested catchments were 2.49, -
1.49 and -2.61, respectively, while those in the non-forested catchments were 2.31, -1.31 
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and -2.48, respectively. Moreover, sensitivities of streamflow to climate change exhibited 
different characteristics in different catchments. In spatial terms, streamflow of forest 
catchments was more sensitive to climate and vegetation in the south of SWAU than in 
the north of SWAU.  
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Table 3.2 Elasticities and contributions of precipitation (P), potential evapotranspiration 
(PET) and catchment character (m) in Fu’s equation to streamflow change between the 
pre-change and the post-change period. 
Vegetation 
type 
Station Name 
Elasticity Contribution 
P PET m P PET m 
Eucalyp-
tus Forest 
603003 Kompup 2.93 -1.93 -3.19 0.5 3.7 95.8 
 607004 Quabicup Hill 3.44 -2.44 -3.91 29.7 7.5 62.9 
 607013 Rainbow Trail 2.58 -1.58 -2.11 42.4 8.5 49.1 
 607144 Quintarrup 2.91 -1.91 -2.98 33.3 7.1 59.5 
 607220 
Barker Rd Cross-
ing 
2.70 -1.70 -2.96 25.1 7.1 67.9 
 608002 Staircase Road 2.25 -1.25 -1.84 30.6 8 61.4 
 608151 Strickland 2.45 -1.45 -2.33 34.6 5.8 59.6 
 609017 Brooklands 2.94 -1.94 -3.10 53.7 6.4 39.9 
 609018 Barrabup Pool 2.96 -1.96 -2.77 80.1 7.2 12.7 
 610001 Willmots Farm 2.07 -1.07 -2.09 61 4.6 34.4 
 612004 Worsley 2.01 -1.01 -2.28 27.3 3.7 69 
 612022 Sandalwood 2.00 -1.00 -2.14 54 3.5 42.5 
 612034 South Branch 2.81 -1.81 -3.35 39 5.2 55.7 
 613002 Dingo Road 2.01 -1.01 -2.11 44.5 2.1 53.4 
 613007 Waterous 1.79 -0.79 -1.86 46 1.5 52.5 
 613146 Hillview Farm 1.94 -0.94 -2.00 38.7 1.8 59.5 
 614003 Brookdale Siding 2.18 -1.18 -2.09 56.7 0.6 42.7 
 614007 Del Park 2.14 -1.14 -2.15 41 2.6 56.4 
 614017 
Warren Catch-
ment 
2.21 -1.21 -2.09 31 1.4 67.6 
 614018 
Bennetts Catch-
ment 
1.93 -0.93 -1.98 27.9 1.1 71 
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Vegetation 
type 
Station Name 
Elasticity Contribution 
P PET m P PET m 
 614021 Lewis Catchment 2.82 -1.82 -2.45 48.6 2.4 49 
 614030 Dog Hill 2.26 -1.26 -2.47 46.5 1.7 51.8 
 614036 North Road 3.13 -2.13 -2.54 52.9 5.4 41.6 
 614062 Bates Catchment 2.25 -1.25 -2.08 43 0 57 
 616021 Travellers Arms 1.99 -0.99 -2.15 27.3 0.6 72 
 616022 Ceriani Farm 2.00 -1.00 -2.15 17.9 1.5 80.7 
 616023 Mount Curtis 1.97 -0.97 -2.08 44.7 1.4 53.8 
 616026 31 Mile Road 2.25 -1.25 -2.38 29.8 3.1 67 
 616027 Seaforth 4.61 -3.61 -4.13 147.5 8.5 -56 
 616041 Vardi Road 2.43 -1.43 -2.41 42.3 1.3 56.4 
 616178 National Park 2.24 -1.24 -2.64 27.1 7 65.9 
Non forest 602005 Anderson Farm 2.18 -1.18 -2.71 4.4 1.3 94.3 
 602014 
Billa Boya Re-
serve 
2.61 -1.61 -2.87 -5.6 8.5 97.1 
 603004 Sunny Glen 2.86 -1.86 -3.11 15.5 4.5 80 
 611007 
Sw Hwy Fergu-
son 
1.88 -0.88 -2.23 63.9 2.8 33.3 
 613053 Johnston Road 2.43 -1.43 -2.65 61.6 7.1 31.3 
 616001 Karls Ranch 2.33 -1.33 -3.11 62.8 5.8 31.4 
 616189 Railway Parade 2.50 -1.50 -3.44 38.5 8.4 53.1 
 617003 Bookine Bookine 2.83 -1.83 -4.05 50.3 8.4 41.3 
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3.4.5 Contribution of climate change and vegetation to the change of 
streamflow 
From the pre-change to the post-change period of streamflow, the change of m was much 
higher than the change of P and PET. Both m and PET increased in most of the catchments 
in SWAU, while P decreased in SWAU. The highest increase in m (> 60%) was found in 
the northern part of the region, while the decline in P was larger in the north (< -10%) 
than in the south (< -5%) of SWAU. The mean change of m for catchments with a 
significant breakpoint of streamflow was 20.6%, while the mean change m for other 
catchments was 8.7%. Furthermore, in catchments, with a significant breakpoint of 
streamflow, m increased much more in forested catchments (the mean of 23.1%) than that 
in non-forested catchments (mean of 11.5%). 
To separate and quantify the contributions of vegetation change and climate variability to 
streamflow, the elasticity of streamflow to climate and m were calculated based on Fu’s 
equation. The contributions of P, PET and m to streamflow change were calculated based 
on Equation 3.2. The results showed that average contributions of P, PET and m to the 
total reduction in streamflow were 42.5%, 4.4% and 53.1%, respectively. About two-
thirds of catchments showed a higher contribution of m than P and PET (Table 3.2). 
Overall, vegetation and climate made positive contributions to streamflow, however, the 
change of m was negative in relation to the change of streamflow in two non-forested 
catchments in the Swan Coastal basin. The contribution of each variable to streamflow in 
forest dominated catchments was different to non-forest dominated catchments. As for 
climate variables, the contributions of P and PET to streamflow (means of 44.1% and 
3.9%, respectively) were higher in non-forested catchments than in forested catchments 
(means of 36.4% and 5.8%, respectively). On the contrary, the contribution of m to 
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streamflow was slightly lower in forested catchments (mean of 51.9%) than in non-
forested catchments (mean of 57.7%). In spatial terms, the contribution of m to 
streamflow in forested catchments was higher in the south than in the north of SWAU 
(Figure 3.7 and Table 3.2). 
 
Figure 3.7 Contribution of dynamics of vegetation to streamflow between the pre-change 
and post-change period. Red boundary means that significant (p < 0.05) breakpoint of 
streamflow was found in the catchment from 1982 to 2011. 
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3.5 Discussion 
3.5.1 Catchment characteristic parameters in Budyko framework 
The water balance in a catchment is mainly controlled by the climate condition and 
catchment characteristics. Generally, catchment parameters reflect the structure of 
vegetation, soil type, topography and climate seasonality of a catchment (Donohue et 
al., 2010, 2012; Shao et al., 2012; Yang et al., 2009; Zhang et al., 2008; Zhao et al., 2010; 
Zhang et al., 2011). Catchment parameters could determine the allocation of water input 
to streamflow and ET, leading to the different shapes of Budyko curves (Figure 3.2). In 
this study, a strong power relationship was found between m and streamflow among 
catchments with a significant breakpoint of streamflow (Figure 3.6). Assuming that for 
the long-term period there is no change of soil type and geological characters and ignoring 
the effects of climate on m, the change of m is mainly resulted from the change of 
vegetation. Donohue et al. (2010) found that fPAR can reflect 70% variation of catchment 
character using 200 catchments in Australia. Similarly, Li et al. (2013) confirmed 
that m is linearly correlated with the long-term averaged annual vegetation coverage 
using data from 26 major global river basins. Furthermore, Zhang et al. (2016) revealed 
that fPAR can explain 60% the variation of m for catchments at Loess Plateau in China. 
Therefore, the contribution of m to streamflow was used to reflect the contribution of the 
dynamics of vegetation to streamflow. Apart from the contribution of fPAR on 
streamflow, Donohue et al. (2012) revealed that depth of roots of vegetation and plant-
available soil water holding capacity can affect the performance of Budyko model, which 
affects soil water holding capacity on streamflow. Smettem and Callow (2014) further 
validated the performance of the model by including root and storm depth in a Budyko’s 
framework using 11 catchments in the south of SWAU. Instead of using one parameter 
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to reflect catchment character, Tang and Wang (2017) tested the performance of four 
parameters to reflect the long-term water balance of a catchment. They found that 
watershed properties have positive correlations with rainfall variability (i.e., the average 
time interval between rainfall events) and soil properties (i.e., permanent wilting point) 
and negative correlations with topography (i.e., slope) and vegetation index. 
Apart from being the input in the water balance, P is also a crucial factor affecting the 
catchment properties (Jiang et al., 2015). So, climate change may affect streamflow not 
only by changing the hydrological input (P) and output (ET) but also by altering the 
catchment characteristics as represented by the parameter m. For example, climate change 
may affect m by changing the vegetation structure, soil water content and groundwater. 
For instance, Cheng et al. (2014) found that rising CO2 increased streamflow in an 
energy-limited forest catchment in the northeast of the New South Wales by 2% but 
decreased streamflow in another three catchments (a water-limited forest catchment, an 
energy-limited grass catchment and a water-limited grass catchment) from 1% to 18%. 
Rising CO2 increased ecosystem WUE but it does not necessarily result in the increased 
streamflow because elevated CO2 also stimulates vegetation growth and increases ET. 
Due to the interactions between climate change and vegetation, change of streamflow 
varied with different climate and vegetation conditions. 
3.5.2 Relationships between streamflow, climate and vegetation 
changes 
Overall, no significant change of P was observed in the SWAU since 1982; however, for 
most of the 69 catchments, Tmean and Tmax considerably increased since 2008 and 1993, 
respectively. Apart from the enhanced greenhouse effect, Pitman et al. (2004) and 
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McAlpine et al. (2007) found that rising T and declining P over SWAU can be partially 
explained by the large-scale land cover change. Meanwhile, most of the catchments 
showed significant declines in the annual streamflow with corresponding breakpoints in 
2000. Although P has not shown a significant downward trend since 1981 (Petrone et 
al., 2010), about 10% decline in P was observed in many of these catchments, suggesting 
that P may be one of the factors that resulted in the reduction of streamflow. Meanwhile, 
there is a strong relationship between P and streamflow from Spearman’s rank correlation 
test in the SWAU, indicating that the dynamic of streamflow was strongly related to a 
change of P. Although streamflow was strongly related to P in most of the catchments, 
vegetation also played a critical role in the significant decline in streamflow for the study 
period, especially in forested catchments. Streamflow decline in about two-thirds of the 
non-forested catchments and 12 of 28 forested catchments were dominated by climate 
change. For instance, there are two similar catchments - Dingo Road (Station No. 613002) 
and O’Neil Road (Station No. 614037), with forest coverage of around 100% in the 
SWAU. Although decline in P (10% decline) were observed in these two catchments, the 
Dingo Road catchment experienced an increase of NDVI (11.4%) but significant decline 
of streamflow (52%, p < 0.05), while the O’Neil Road catchment had opposite trend of 
NDVI (-1.0%) and not significant decline of streamflow  (-51.0%, p > 0.05). 
Contributions of climate and vegetation to streamflow in Dingo Road were 44.5% and 
53.4%, respectively. Zhang et al. (2011) concluded that the contribution of vegetation and 
climate on streamflow change was 93% and 13 %, respectively, in the Upper Denmark 
Catchment (Station No. 603003), while the contribution in this study is 95.8% for 
vegetation and 0.5% for P and 3.7% for PET. The slight difference between these two is 
resulted from the different time period, 1989 - 2008 in Zhang et al. (2001) and 1982 - 
2011 in this study.  
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Forested catchments have experienced a more dramatic decline in streamflow than non-
forested catchments and were more sensitive to climate and vegetation change than non-
forested catchments in the SWAU. Taking the forest dominated catchment - Yarragil 4X 
catchment as an example, Kinal and Stoneman (2012) found that groundwater started to 
disconnect with streamflow in 2000 after 30 years’ dropping of groundwater. Climate and 
vegetation have been interactively affecting groundwater level, which may further affect 
the water supply and vegetation health in the SWAU. Recharge rates have increased in 
deforested areas but decreased in catchments Where P experienced an abundant decline 
(Dawes et al., 2012). The decline of groundwater has also been reported as the reason for 
forest mortality in the north Jarrah forest (Brouwers et al., 2013; Evans et al., 2013), 
however, this may also be due to limited soil depth and soil water storage.  
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3.6 Conclusions 
This study identified the relationship between climate, vegetation and streamflow in the 
SWAU for the period of 1982 to 2011. The results suggested that both forested and non-
forested catchments in the SWAU have been undergoing drying condition (decline of 
streamflow and runoff coefficient). Apart from climate change, the dynamic of vegetation 
also contributed considerably to the decline of streamflow, especially in forested 
catchments. These findings enhanced the understanding of the interactions among water, 
climate and vegetation. The limitation is that this study was based on the assumption of 
unchanged catchment geological parameters. However, Kinal and Stoneman (2012) has 
been reported that groundwater in some catchments has experienced significant change 
for the study period, and this may also affect the accuracy of Budyko’s framework. 
Therefore, the contribution of groundwater should be further studied. Moreover, Perth, 
the capital city of Western Australia, has in the past relied on surface water for its water 
supply, but as streamflow has declined has had to move to other sources such as 
groundwater and desalination. The remaining stream flow is declining, and although this 
is often ascribed to climate change, this Chapter has demonstrated that it is also due to 
vegetation cover. Climate change is hard to manage at a regional scale, whereas 
vegetation cover can be managed through silvicultural practice. Meanwhile, the role of 
forest management for each catchment should be carefully considered depending in terms 
of water supply, forest values and likely future climate impacts. 
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3.7 Appendix 
Table 3.S1 Climate condition for each catchment from 1982 to 2011. Table 3.S2 Results 
of trend and change point analysis for all variables in each catchment from 1982 to 2011. 
Table 3.S3 Relationships between streamflow, climate and vegetation variables from 
1982 to 2011. Table 3.S4 Change of each variable from the pre-change period to the post-
change period of streamflow.  
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Table 3.S1 Climate condition for each catchment from 1982 to 2011. 
Station Catchment Name 
P  
(mm) 
Tmax 
(°C) 
Tmean 
(°C) 
PET 
(mm) 
ET 
(mm) 
Streamflow 
(mm) 
NDVI EI DI m 
602004 Stevens Farm 563.5 20.4 15.5 1491.3 544.8 18.7 0.57 0.97 2.65 3.27 
602005 Anderson Farm 694.6 19.7 15.8 1495.5 594.4 100.2 0.66 0.86 2.15 2.35 
602014 Billa Boya Reserve 754.6 20.1 15.7 1510.1 685 69.6 0.66 0.91 2 2.86 
602015 Warren Road 708.6 20.2 15.7 1481.6 682.4 26.2 0.66 0.96 2.09 3.67 
602031 Cheynes Beach Road 672.5 19.9 15.7 1532.6 640 32.5 0.65 0.95 2.28 3.23 
602199 Black Cat 733 19.6 15.9 1485.7 655.8 77.2 0.65 0.89 2.03 2.71 
603003 Kompup 711.2 20.5 15.3 1497.8 671.1 40.1 0.71 0.94 2.11 3.24 
603004 Sunny Glen 711.1 20.4 15.5 1493.2 666.4 44.6 0.66 0.94 2.1 3.14 
603005 Beigpiegup 846.2 20.4 15.5 1528.9 780.5 65.6 0.74 0.92 1.81 3.25 
603007 Sleeman Road Bridge 861.4 20.3 15.8 1560.9 732.1 129.3 0.68 0.85 1.81 2.53 
603013 Eden Road 924.2 20.2 15.9 1571.7 724.1 200.1 0.7 0.78 1.7 2.23 
603136 Mt Lindesay 783.6 20.4 15.4 1511.6 739.8 43.8 0.72 0.94 1.93 3.45 
604001 Rocky Glen 599 20.8 15.3 1524.3 574.2 24.8 0.59 0.96 2.54 3.16 
604053 Styx Junction 715.1 20.7 15.4 1521.7 677.5 37.6 0.64 0.95 2.13 3.29 
605012 Mount Frankland 569.6 21.2 15.5 1571.6 538 31.7 0.55 0.94 2.76 2.81 
606001 Teds Pool 895.2 20.6 15.5 1507.2 828.3 66.9 0.8 0.93 1.68 3.48 
606002 Wattle Block 945.3 20.4 15.4 1504.9 859 86.3 0.78 0.91 1.59 3.38 
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Station Catchment Name 
P  
(mm) 
Tmax 
(°C) 
Tmean 
(°C) 
PET 
(mm) 
ET 
(mm) 
Streamflow 
(mm) 
NDVI EI DI m 
606195 Ordnance Road Crossing 999.8 20.6 15.6 1505.2 856.6 143.2 0.81 0.86 1.51 2.92 
607003 Wheatley Farm 658.2 21.3 15.4 1571.2 627.9 30.2 0.64 0.95 2.39 3.18 
607004 Quabicup Hill 658.1 21.3 15.4 1585.3 640.9 17.2 0.67 0.97 2.41 3.66 
607007 Bullilup 563.2 21.4 15.4 1590.1 529.5 33.7 0.57 0.94 2.82 2.73 
607013 Rainbow Trail 992.1 20.9 15.5 1545.6 855.8 136.3 0.78 0.86 1.56 2.89 
607144 Quintarrup 762.2 21.1 15.4 1548.5 712.7 49.5 0.68 0.94 2.03 3.18 
607220 Barker Rd Crossing 744.8 21.2 15.5 1564 685.1 59.7 0.68 0.92 2.1 2.91 
608002 Staircase Road 1092.7 20.8 15.6 1576 880 212.8 0.77 0.81 1.44 2.59 
608151 Strickland 897.2 21.1 15.3 1576.2 783 114.2 0.75 0.87 1.76 2.75 
609002 Brennans Ford 982.7 21.3 16.5 1679.2 843.7 139 0.69 0.86 1.71 2.68 
609017 Brooklands 787.2 22.2 15.5 1670.4 738.3 48.9 0.68 0.94 2.12 3.13 
609018 Barrabup Pool 862.9 22.1 15.8 1662.1 797.9 65 0.7 0.92 1.93 3.14 
610001 Willmots Farm 925.1 21.4 16.3 1625.1 747.3 177.9 0.68 0.81 1.76 2.31 
611004 Boyanup Bridge 845.2 22.6 16 1708.9 738 107.2 0.66 0.87 2.02 2.54 
611007 Sw Hwy Ferguson 883.3 22.9 16.5 1813.7 696 187.4 0.64 0.79 2.05 2.07 
611111 Woodperry Homestead 843.1 22.3 15.6 1678.5 746.3 96.8 0.66 0.89 1.99 2.66 
612001 Coolangatta Farm 655.9 22.6 15.8 1707.7 627.5 28.4 0.6 0.96 2.6 3.09 
612004 Worsley 907.9 22.7 16.1 1723.7 754.3 153.6 0.63 0.83 1.9 2.35 
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Station Catchment Name 
P  
(mm) 
Tmax 
(°C) 
Tmean 
(°C) 
PET 
(mm) 
ET 
(mm) 
Streamflow 
(mm) 
NDVI EI DI m 
612014 Palmer 695.1 22.6 15.8 1719.9 680.2 14.9 0.62 0.98 2.47 3.76 
612022 Sandalwood 959.7 22.5 16.1 1731.4 760.5 199.2 0.62 0.79 1.8 2.21 
612032 Cross Farm 897.2 23.1 17 1836 673.1 224.2 0.62 0.75 2.05 1.94 
612034 South Branch 710 22.6 15.8 1698.2 669.8 40.2 0.6 0.94 2.39 3 
612230 James Crossing 589.7 22.4 15.7 1696.1 546.7 43 0.55 0.93 2.88 2.57 
613002 Dingo Road 975.2 22.3 16.1 1720 777.7 197.4 0.68 0.8 1.76 2.26 
613007 Waterous 1052 22.2 16.2 1700.7 765.1 286.9 0.63 0.73 1.62 2.04 
613053 Johnston Road 877.8 23.1 17.6 1883.2 790.4 87.5 0.53 0.9 2.15 2.68 
613146 Hillview Farm 1021.6 22.4 16.4 1722.4 803.4 218.1 0.62 0.79 1.69 2.25 
614003 Brookdale Siding 1017.4 22.7 16.7 1726.3 840.2 177.2 0.64 0.83 1.7 2.46 
614007 Del Park 991.9 22.7 16.7 1742.6 835.6 156.3 0.62 0.84 1.76 2.52 
614017 Warren Catchment 1033.2 22.6 16.7 1752.9 894.7 138.4 0.63 0.87 1.7 2.76 
614018 Bennetts Catchment 1033.2 22.6 16.7 1755.6 848.8 184.4 0.63 0.82 1.7 2.43 
614021 Lewis Catchment 1023.6 22.4 16.5 1729.2 922.7 100.9 0.59 0.9 1.69 3.13 
614030 Dog Hill 904.5 23 16.9 1779 777 127.5 0.64 0.86 1.97 2.48 
614036 North Road 1018.7 22.6 16.6 1737.8 943.4 75.3 0.61 0.93 1.71 3.46 
614037 O’Neil Road 911.5 22.7 16.4 1747.1 885.8 25.7 0.62 0.97 1.92 4.23 
614060 Gordon Catchment 903.3 23.3 16.7 1773.1 895 8.3 0.62 0.99 1.96 5.43 
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Station Catchment Name 
P  
(mm) 
Tmax 
(°C) 
Tmean 
(°C) 
PET 
(mm) 
ET 
(mm) 
Streamflow 
(mm) 
NDVI EI DI m 
614062 Bates Catchment 1039.7 22.7 16.7 1750.2 891.8 147.9 0.59 0.86 1.68 2.7 
614196 Saddleback Road Bridge 524.3 22.8 16 1722.4 483.8 40.5 0.5 0.92 3.29 2.4 
614224 Marradong Road Bridge 503.6 23.1 16.3 1758.9 478 25.7 0.47 0.95 3.49 2.61 
616001 Karls Ranch 709.7 23.9 17.5 1825.2 637.1 72.6 0.54 0.9 2.57 2.44 
616013 Ngangaguringuring 611.6 23.9 17.1 1837.5 606.8 4.8 0.51 0.99 3 4.12 
616019 Yalliawirra 588.8 24.6 18.1 1875.6 563.6 25.1 0.5 0.96 3.19 2.82 
616021 Travellers Arms 981 22.9 17 1757.1 802.3 178.7 0.65 0.82 1.79 2.34 
616022 Ceriani Farm 977.6 23 17.1 1758.9 829 148.6 0.59 0.85 1.8 2.52 
616023 Mount Curtis 1016.2 22.8 17 1766.2 794.7 221.4 0.61 0.78 1.74 2.2 
616026 31 Mile Road 924.5 22.9 16.9 1767.5 808 116.5 0.64 0.87 1.91 2.63 
616027 Seaforth 864.2 23.1 16.8 1781.1 850.5 13.7 0.64 0.98 2.06 4.6 
616041 Vardi Road 961.1 22.8 16.8 1759.7 842.5 118.6 0.66 0.88 1.83 2.71 
616178 National Park 853.3 23.4 17.3 1793.6 742.5 110.8 0.62 0.87 2.1 2.47 
616189 Railway Parade 677.9 24.8 18.5 1883.7 633 45 0.48 0.93 2.78 2.67 
616216 Poison Lease Gs 675 23.8 17.2 1836.4 668.2 6.8 0.54 0.99 2.72 4.16 
617003 Bookine Bookine 611.2 24.7 18.6 1892.3 588.2 23 0.47 0.96 3.1 2.94 
 
Note: P is annual precipitation (mm yr-1), Tmean is mean temperature, Tmax is maximum temperature, PET is potential evapotranspiration, ET is evapotranspiration, NDVI 
is normalized difference vegetation index, EI is evaporation index, DI is dryness index and m is catchment character. 
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Table 3.S2 Trend and change point analysis for each variable from 1982 to 2011. 
Station 
NDVI Precipitation Streamflow Tmax Tmean Runoff coefficient 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint Change (%) 
602004 3.74 1995 13.97 1987 -53.95 2005 2.98 2005 3.46 2009 -63b 
602005 5.44 2001ab 11.72 1987 -21.06 1999a 3 2005 3.33 2009 -35 
602014 8 2000ab 14 1987 -43.04 2005ab 4.35 2009 3.38 2009 -50b 
602015 6.04 1996ab 13.53 1987 -17.97 2005 2.87 2005 3.38 2009 -38 
602031 6.09 2001ab 10.62 1987 65.27 1987 3.02 2005 3.36 2009 -16 
602199 6.54 2001ab 11.78 1987 -25.27 1994 2.98 2005 3.31 2009 -24 
603003 3.4 1994b 14.1 1987 -55.56 1999b 3.87 2009 3.69 2009 -48b 
603004 5.63 1994ab 13.23 1987 -48.58 1999ab 4.08 2009 3.51 2009 -36b 
603005 5.08 1994 14.53 1987 -41.1 1999b 3.95 2009 3.61 2009 -15 
603007 5.85 1994ab 15.46 1987 -34.55 1992 4.24 2009 3.42 2009 -26 
603013 3.06 1994 16.14 1987 -28.93 1993 4.25 2009 3.42 2009 -32 
603136 4.66 1994ab 14.75 1987 -43.17 1999 3.85 2009 3.7 2009 -29 
604001 6.82 1988 14.43 1987 -43.89 2000 3.78 2009 3.68 2009 -40b 
604053 5.55 1994a 14.7 1987 -48.36 2005 3.72 2009 3.73 2009 -28 
605012 6.27 1994ab 12.89 1987 -42.45 2005 2.59 2005b 3.75 2009 -38 
606001 2.98 1988 12.84 1987 -47.38 2005 2.16 1993b 4.15 2009 -26 
606002 13.73 1994a 12.41 1987 -36.96 2000 2.3 2005b 4.18 2009 -16 
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Station 
NDVI Precipitation Streamflow Tmax Tmean Runoff coefficient 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint Change (%) 
606195 6.49 1994ab 11.99 1987 -30.24 2000 3.55 2009b 4.1 2009 -29 
607003 6.19 1994ab -6.99 2005 -46.51 2000 3.11 1993ab 4.17 2009b -33b 
607004 6.35 1988b -6.37 1999 -68.48 2000ab 3.39 1993ab 4.28 2009b -60b 
607007 7.65 1996ab -4.13 1999 62.53 1989 2.81 1993ab 3.89 2009 34 
607013 2.48 1994 -11.67 2009 -39.82 2000ab 3.47 1993ab 4.51 2009b -13 
607144 4.46 1994 -7.07 1999 -57.86 2000ab 3.54 1993ab 4.42 2009b -44b 
607220 5.59 1994ab -4.67 1999 -44.29 2000ab 3.14 1993ab 4.24 2009b -26 
608002 14.29 1994 8.3 1987 -32.5 2000ab 3.44 1993ab 4.53 2009b -10 
608151 4.68 2000b -7.53 1999 -53.41 2000ab 3.78 1993ab 2.76 1993b -22 
609002 4.15 2000ab -7.62 1999 -43.37 2000 3.12 1993ab 4.12 2009 -17 
609017 6.21 2000ab -9.31 2000 -52.86 2000ab 3.58 1993ab 3.52 2008 -56b 
609018 3.95 1994 -11.42 2000 -52.64 2000ab 3.52 1993ab 3.58 2008 -34b 
610001 9.56 1994 -13.66 2000 -53.52 2000ab 3.53 1993ab 3.34 2008 -25 
611004 3.42 1996ab -10.46 1999 -37.98 2000 3.28 1993ab 3.3 2008 -22 
611007 6.43 2000 -11.69 1999 -42.75 2000ab 3.08 1993ab 3.42 2008 0 
611111 10.1 1994ab -9.92 1999 -45.73 2000 3.52 1993ab 3.62 2008 -24 
612001 4.83 1988 -5.94 1999 -43.76 1996 3.28 1993ab 3.3 2009 -53b 
612004 16.86 2000b -9.1 1999 -58.05 1996ab 3.18 1993ab 3.24 2008 -46b 
612014 4.01 1994 -6.79 1999 -48.21 1996 3.26 1993ab 3.18 2008 -52b 
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Station 
NDVI Precipitation Streamflow Tmax Tmean Runoff coefficient 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint Change (%) 
612022 8.69 2002b -8.54 1992 -42.29 2000ab 3.06 1993ab 3.15 2008 -8 
612032 1.95 1994 -10.14 1992 -43.73 1996b 2.92 1993ab 3.38 2008 10 
612034 3.31 1988b -7.63 1999 -59.56 2000ab 3.3 1993ab 3.1 2008 -50b 
612230 8.37 1988 -7.41 1992 -33.65 1996b 3.67 1993ab 3.6 2009 -35b 
613002 11.44 2000b -8.28 1992 -52.77 2000ab 3.25 1993ab 3.59 2008 -46b 
613007 13.15 2000ab -9.67 1992 -51.41 2000ab 3.04 1993ab 3.64 2008 -44b 
613053 9.21 2000 -12.36 1992 -49.29 1992b 2.83 1993ab 3.6 2008 -33 
613146 12.25 1994ab -9.77 1992 -60.39 2000ab 3 1993ab 3.47 2008 -44b 
614003 7.09 1995 -11.88 1999 -54.41 2000ab 2.96 1993ab 4.24 2008b -37 
614007 21.66 2000ab -11.72 1999 -60.14 1996ab 2.97 1993ab 4.28 2008b -26 
614017 25.67 2000ab -11.58 1999 -77.74 1997ab 2.92 1993ab 4.39 2008b -74b 
614018 25.67 2000ab -11.58 1999 -75.41 1997ab 2.94 1993ab 4.38 2008b -76b 
614021 25.54 2000ab -10.77 1999 -78.76 2005ab 2.96 1993ab 4.49 2008b -63b 
614030 -1.11 2004 -9.69 1999 -55.71 2000ab 2.99 1993ab 4.37 2008b -43b 
614036 12.46 1995ab -10.49 1999 -64.02 1997ab 3.03 1993ab 4.41 2008b -40 
614037 -1.03 2005 -10.33 1999 -51.05 1996b 3.05 1993ab 4.19 2008b -56b 
614060 15.15 1994 -9.83 1999 -63.9 2004b 3.1 1993ab 4 2008b -55b 
614062 25.54 2000ab -10.52 1992 -67.09 2000ab 2.92 1993ab 4.41 2008b -61b 
614196 6.72 1988 -10.41 1999 -28.19 2000 3.71 1993ab 3.3 2008 -29 
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Station 
NDVI Precipitation Streamflow Tmax Tmean Runoff coefficient 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint 
Change 
(%) 
Breakpoint Change (%) 
614224 5.31 1988 -11.92 1999 -45.7 2000 3.84 1993ab 2.75 1993b -51b 
616001 2.73 2001 -10.78 2000 -42.95 2000ab 3.04 1993ab 4.11 2008 -33 
616013 2.59 1995b -15.36 1999 -47.73 2000b 3.07 2005ab 3.89 2008 -69b 
616019 1.9 1994 -11.99 1999 -53.74 2005 3.7 1993ab 3.73 2008b -53b 
616021 17.49 1994ab -8.49 1992 -71.88 2000ab 2.9 1993ab 4.56 2008ab -63b 
616022 10.86 1994b -8.65 1992 -79.1 1997ab 2.87 1993ab 4.54 2008ab -66b 
616023 10.73 1994b -7.98 1992 -46.37 2000ab 2.8 1993ab 4.48 2008b -58b 
616026 9.19 2007 -9.08 1999 -72.4 1997ab 2.95 1993ab 4.54 2008ab -57b 
616027 -1.68 1991 -10.72 2000 -39.29 2000ab 2.96 1993ab 4.36 2008b -48b 
616041 12.66 1994 -8.33 1992 -63.61 2000ab 2.96 1993ab 4.55 2008b -46b 
616178 0.22 2003 -7.7 1999 -47.66 1996ab 3.08 2005ab 4.28 2008b -33 
616189 1.87 1995 -8.69 1996 -56.54 1996ab 3.16 1993ab 4 2008 -40b 
616216 2.35 1994 -12.71 1999 -61.62 2000b 2.63 1993ab 3.82 2008ab -66b 
617003 4 1987 -11.08 1999 -60.03 2000ab 3.59 1993ab 3.7 2008 -52b 
 
Note: “a” means p < 0.05 for Pettitt’s change point test; “b” means p < 0.05 for Mann-Kendall trend analysis. NDVI is normalized difference vegetation index, Tmean is 
mean temperature and Tmax is maximum temperature. 
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Table 3.S3 Relationships between water, climate and vegetation variables from 1982 to 2011. 
Station 
P ~ Streamflow Tmean ~ Streamflow NDVI~ Streamflow P ~ NDVI Tmean ~ NDVI 
rho rho rho rho rho 
602004 0.686* -0.402* 0.238 0.348* -0.269 
602005 0.389* -0.261 -0.188 0.266 -0.278 
602014 0.674* -0.47* -0.269 0.217 0.039 
602015 0.653* -0.325 0.351 0.438* -0.02 
602031 0.859* -0.239 0.136 0.31 -0.109 
602199 0.646* -0.191 -0.123 0.247 -0.015 
603003 0.804* -0.291 -0.15 0.08 -0.12 
603004 0.794* -0.337 -0.084 0.146 -0.192 
603005 0.765* -0.307 -0.052 -0.133 -0.22 
603007 0.77* 0.056 0.113 0.239 -0.028 
603013 0.794* -0.078 0.159 0.388 -0.218 
603136 0.779* -0.309 -0.099 0.086 -0.035 
604001 0.831* -0.222 0.067 0.246 -0.243 
604053 0.835* -0.242 0.102 0.146 -0.232 
605012 0.81* -0.162 0.294 0.409* -0.174 
606001 0.795* -0.338 0.06 -0.059 -0.151 
606002 0.794* -0.196 -0.121 -0.042 -0.063 
Chapter 3 Responses of streamflow to vegetation and climate changes in southwestern Australia 
 
94 
 
Station 
P ~ Streamflow Tmean ~ Streamflow NDVI~ Streamflow P ~ NDVI Tmean ~ NDVI 
rho rho rho rho rho 
606195 0.727* -0.24 -0.226 -0.058 -0.037 
607003 0.824* -0.097 -0.02 0.178 -0.133 
607004 0.79* -0.125 -0.187 0.067 0.02 
607007 0.734* 0.092 0.312 0.227 -0.195 
607013 0.843* -0.114 -0.09 0.027 0.013 
607144 0.818* -0.094 -0.163 0.069 -0.121 
607220 0.816* -0.2 -0.087 0.154 -0.137 
608002 0.778* -0.239 -0.131 -0.009 -0.137 
608151 0.821* -0.16 -0.214 0.104 -0.075 
609002 0.813* 0.011 -0.269 -0.082 -0.018 
609017 0.83* 0.07 -0.308 -0.119 -0.045 
609018 0.893* 0.055 -0.342 -0.119 -0.037 
610001 0.874* -0.01 -0.265 -0.007 -0.052 
611004 0.872* 0.305 -0.278 -0.115 -0.158 
611007 0.619* -0.05 -0.381 0.249 -0.231 
611111 0.831* 0.181 -0.294 -0.041 -0.076 
612001 0.845* 0.176 0.031 0.156 -0.109 
612004 0.695* 0.036 -0.382* -0.082 -0.059 
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Station 
P ~ Streamflow Tmean ~ Streamflow NDVI~ Streamflow P ~ NDVI Tmean ~ NDVI 
rho rho rho rho rho 
612014 0.749* -0.109 -0.062 0.289 -0.129 
612022 0.715* -0.05 -0.309 -0.012 -0.117 
612032 0.723* 0.063 -0.117 0.382 -0.297 
612034 0.822* 0.046 -0.034 0.151 -0.03 
612230 0.783* -0.084 -0.063 0.066 -0.186 
613002 0.618* -0.183 -0.295 0.159 -0.019 
613007 0.546* -0.149 -0.477* 0.176 0.037 
613053 0.825* 0.023 -0.111 0.071 -0.292 
613146 0.572* -0.104 -0.374* 0.13 -0.137 
614003 0.697* -0.338 -0.27 0.011 0.013 
614007 0.647* -0.303 -0.407* -0.158 -0.021 
614017 0.447* -0.256 -0.709* -0.333 0.037 
614018 0.524* -0.119 -0.668* -0.333 0.038 
614021 0.467* -0.225 -0.651* -0.282 0.138 
614030 0.458* -0.286 0.03 0.196 -0.245 
614036 0.487* -0.348 -0.574* -0.171 0.136 
614037 0.692* 0.057 -0.094 0.139 -0.17 
614060 0.676* -0.087 -0.367 -0.099 -0.016 
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Station 
P ~ Streamflow Tmean ~ Streamflow NDVI~ Streamflow P ~ NDVI Tmean ~ NDVI 
rho rho rho rho rho 
614062 0.374 -0.463* -0.503* -0.296 0.198 
614196 0.652* 0.115 0.036 0.272 -0.267 
614224 0.744* 0.008 0.001 0.326 -0.181 
616001 0.746* -0.1 -0.058 0.164 -0.225 
616013 0.809* -0.253 0.035 0.038 -0.276 
616019 0.74* 0.113 0.288 0.377* -0.246 
616021 0.457* -0.388* -0.501* -0.003 0.293 
616022 0.391* -0.408* -0.406* -0.043 0.083 
616023 0.535* -0.231 -0.385* -0.283 0.004 
616026 0.368 -0.482* -0.333 -0.233 0.066 
616027 0.665* -0.21 -0.216 -0.277 -0.054 
616041 0.514* -0.199 -0.241 -0.024 0.162 
616178 0.716* -0.311 -0.04 0.163 -0.272 
616189 0.766* -0.305 -0.138 0.002 -0.217 
616216 0.593* -0.37* 0.411* 0.392* -0.118 
617003 0.693* -0.292 0.093 0.151 -0.287 
 
Note: * means p < 0.05 for Spearman's rank-order correlation. P is precipitation, Tmean is mean temperature, NDVI is normalized difference vegetation index. 
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Table 3. S4 Change of each variable from the pre-change period to the post-change period of streamflow. 
Station 
Pre-change Post-change P change PET 
change 
m change stream-
flow 
change 
DI change EI change Deviation 
change 
P 
mm 
PET 
mm 
streamflow 
mm 
P 
mm 
PET 
mm 
streamflow 
mm 
(%) (%) (%) (%)    
602004 557 1487.28 18.9 543.19 1514.19 9.81 -2.48 1.81 12.7 -48.12 0.12 0.02 0.14 
602005 694.35 1495.3 108.78 691.43 1498.86 85.96 -0.42 0.24 8.32 -20.97 0.01 0.03 2.27 
602014 740.69 1502.61 76.6 746.95 1533.84 46.35 0.84 2.08 17.34 -39.49 0.02 0.04 1.67 
602015 690.67 1474.96 26.11 702.7 1501.96 23.16 1.74 1.83 3.67 -11.27 0.01 0.01 2.62 
602031 630.99 1541.89 23.51 685.86 1528.94 35.18 8.7 -0.84 -3.12 49.66 -0.21 -0.01 0.07 
602199 741.28 1486.33 91.36 733.96 1481.11 66.43 -0.99 -0.35 11.06 -27.29 0.01 0.03 2.54 
603003 709.14 1492.11 50.15 708.52 1505.9 25.85 -0.09 0.92 20.44 -48.45 0.02 0.03 1.61 
603004 716.73 1486.63 55.52 699.84 1502.11 31.37 -2.36 1.04 15.37 -43.5 0.07 0.03 0.45 
603005 848.01 1524.65 78.29 839.71 1533.87 51.81 -0.98 0.6 13.7 -33.83 0.03 0.03 1.07 
603007 867.08 1563.25 176.79 852.16 1563.48 111.22 -1.72 0.01 19.17 -37.09 0.03 0.07 2.31 
603013 986.37 1556.75 280.51 915.99 1576.14 186.14 -7.14 1.25 12.87 -33.64 0.14 0.08 0.57 
603136 778.49 1506.36 52.34 785.06 1518.98 31.61 0.84 0.84 17.04 -39.61 0.01 0.03 2.18 
604001 602.87 1516.69 29.19 599.83 1532.63 18.19 -0.5 1.05 11.59 -37.67 0.04 0.02 0.46 
604053 708.26 1520.02 39.85 696.96 1539.65 22.91 -1.6 1.29 13.89 -42.52 0.06 0.02 0.37 
605012 565.4 1569.21 32.19 545.6 1589.74 21.3 -3.5 1.31 7.48 -33.81 0.14 0.02 0.13 
606001 890.62 1504.89 72.29 869.03 1526.62 43.02 -2.42 1.44 14.81 -40.5 0.07 0.03 0.47 
606002 954.93 1498.68 99.23 937.25 1511.99 66.31 -1.85 0.89 13.55 -33.17 0.04 0.03 0.76 
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Station 
Pre-change Post-change P change PET 
change 
m change stream-
flow 
change 
DI change EI change Deviation 
change 
P 
mm 
PET 
mm 
streamflow 
mm 
P 
mm 
PET 
mm 
streamflow 
mm 
(%) (%) (%) (%)    
606195 1004.49 1500.52 158.77 997.64 1510.74 115.32 -0.68 0.68 14.25 -27.36 0.02 0.04 2.07 
607003 670.69 1559.68 36.11 644.23 1586.47 20.69 -3.95 1.72 10.84 -42.71 0.14 0.02 0.16 
607004 674.42 1571.73 22.85 636.71 1603.04 8.05 -5.59 1.99 19.38 -64.78 0.19 0.02 0.11 
607007 545.68 1580.62 23.48 568.95 1593.96 37.82 4.27 0.84 -9.24 61.11 -0.1 -0.02 0.25 
607013 1015.54 1532.72 157.18 955.4 1562.49 100.61 -5.92 1.94 11.31 -35.99 0.13 0.05 0.39 
607144 783.44 1534.41 63.12 732.13 1567.21 26.99 -6.55 2.14 19.23 -57.23 0.18 0.04 0.24 
607220 758.06 1552.55 70.86 728.7 1579.47 41.32 -3.87 1.73 13.17 -41.69 0.12 0.04 0.31 
608002 1111.19 1563.88 239.12 1066.92 1593.15 168.97 -3.98 1.87 12.1 -29.34 0.09 0.06 0.66 
608151 924.08 1563.04 140.21 859.3 1594.24 70.68 -7.01 2 19.23 -49.59 0.16 0.07 0.42 
609002 1014.57 1663.12 164.65 933.67 1703.42 92.85 -7.97 2.42 13.77 -43.61 0.19 0.06 0.34 
609017 816.4 1657.92 60.7 742.58 1684.93 30.69 -9.04 1.63 10.92 -49.44 0.24 0.03 0.14 
609018 913.19 1647.99 80.44 790.55 1678.03 40.53 -13.43 1.82 6.72 -49.61 0.32 0.04 0.12 
610001 983.39 1609.48 220.16 829.94 1646.44 103.44 -15.6 2.3 15.46 -53.02 0.35 0.1 0.29 
611004 885.25 1695.81 126.21 781.48 1724.5 73.37 -11.72 1.69 7.63 -41.87 0.29 0.05 0.17 
611007 967.43 1797.2 244.84 819.14 1822.8 134.59 -15.33 1.42 10.75 -45.03 0.37 0.09 0.24 
611111 879.59 1666.59 114.38 785.63 1693.54 60.76 -10.68 1.62 11.28 -46.87 0.26 0.05 0.2 
612001 657.15 1689.41 32 640.93 1721.82 20.22 -2.47 1.92 8.93 -36.83 0.12 0.02 0.15 
612004 930.24 1706.23 203.66 864.07 1739.28 96.79 -7.11 1.94 24.43 -52.47 0.18 0.11 0.6 
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Station 
Pre-change Post-change P change PET 
change 
m change stream-
flow 
change 
DI change EI change Deviation 
change 
P 
mm 
PET 
mm 
streamflow 
mm 
P 
mm 
PET 
mm 
streamflow 
mm 
(%) (%) (%) (%)    
612014 700.56 1702.51 16.44 673.69 1735.77 10.14 -3.83 1.95 6.42 -38.3 0.15 0.01 0.06 
612022 1002.41 1719.86 234.52 894.8 1744.19 141.46 -10.74 1.41 11.22 -39.68 0.23 0.08 0.32 
612032 935.02 1809.43 302.92 863.81 1845.62 180.82 -7.62 2 16.46 -40.31 0.2 0.11 0.57 
612034 732.82 1685.76 51.29 676.52 1712.77 22.96 -7.68 1.6 15.39 -55.23 0.23 0.04 0.16 
612230 597.31 1677.72 47.62 570.43 1712.51 35.98 -4.5 2.07 3.65 -24.46 0.19 0.02 0.09 
613002 1016.67 1712.05 238.11 911.6 1728.65 127.22 -10.33 0.97 17.48 -46.57 0.21 0.09 0.45 
613007 1102.3 1692.71 346.03 970.78 1707.61 185.88 -11.93 0.88 19.3 -46.28 0.22 0.12 0.55 
613053 953.71 1856.86 125.92 835.39 1901.86 64.31 -12.41 2.42 10.41 -48.92 0.33 0.06 0.17 
613146 1067.76 1713.02 276.34 947.83 1731.51 120.36 -11.23 1.08 27.74 -56.45 0.22 0.13 0.59 
614003 1073.23 1722.88 219.33 930.98 1727.61 107.4 -13.26 0.27 16.98 -51.03 0.25 0.09 0.36 
614007 1038.64 1730.96 213.83 928.58 1752.85 95.5 -10.6 1.26 23.7 -55.34 0.22 0.1 0.47 
614017 1092.47 1744.18 218.66 972.2 1759.8 47.29 -11.01 0.9 58.32 -78.37 0.21 0.15 0.71 
614018 1092.47 1746.89 286.85 972.2 1762.47 68.5 -11.01 0.89 60.13 -76.12 0.21 0.19 0.9 
614021 1047.18 1729.52 118.62 918.59 1745.89 34.14 -12.28 0.95 31.09 -71.22 0.25 0.08 0.31 
614030 943.03 1773.24 153.78 847.13 1785.03 77.69 -10.17 0.66 16.14 -49.48 0.23 0.07 0.31 
614036 1064.28 1726.34 96.92 954.98 1753 38.07 -10.27 1.54 19.41 -60.72 0.21 0.05 0.24 
614037 946.77 1728.04 29.63 871.64 1758.29 18.06 -7.94 1.75 2.35 -39.06 0.19 0.01 0.06 
614060 934.48 1770.91 9.99 846.02 1775.27 4.81 -9.47 0.25 3.72 -51.86 0.2 0.01 0.02 
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Station 
Pre-change Post-change P change PET 
change 
m change stream-
flow 
change 
DI change EI change Deviation 
change 
P 
mm 
PET 
mm 
streamflow 
mm 
P 
mm 
PET 
mm 
streamflow 
mm 
(%) (%) (%) (%)    
614062 1109.99 1748.5 217.04 974.59 1748.2 78.68 -12.2 -0.02 32.07 -63.75 0.22 0.11 0.53 
614196 546.57 1706.2 44.3 497 1743.01 32.84 -9.07 2.16 1.1 -25.87 0.39 0.01 0.04 
614224 527.66 1743.15 29.5 474.51 1782.09 18.84 -10.07 2.23 3.19 -36.13 0.45 0.02 0.04 
616001 739.09 1812.35 84.43 659.64 1843.84 50.75 -10.75 1.74 6.47 -39.89 0.34 0.04 0.11 
616013 649.06 1823.69 5.66 560.55 1856.02 3.36 -13.64 1.77 -2.44 -40.67 0.5 0.01 0.01 
616019 600.03 1866.81 27.6 520.39 1919.73 13.43 -13.27 2.83 6.02 -51.33 0.58 0.02 0.03 
616021 1016.61 1752.95 239.43 922.09 1760.62 77.58 -9.3 0.44 42.73 -67.6 0.19 0.15 0.82 
616022 1014.68 1748.23 236.63 945.45 1767.7 56.27 -6.82 1.11 61.77 -76.22 0.15 0.17 1.18 
616023 1053.41 1760.1 258.63 953.55 1770.83 150.8 -9.48 0.61 15.2 -41.69 0.19 0.09 0.47 
616026 967.78 1752.56 166.25 877.81 1783.32 49.83 -9.3 1.75 38.58 -70.02 0.22 0.12 0.52 
616027 901.34 1774.34 15.6 799.35 1789.07 10.08 -11.31 0.83 -3.14 -35.36 0.27 0.01 0.02 
616041 999.89 1755.06 148.68 899.77 1764.17 63.36 -10.01 0.52 22.7 -57.39 0.21 0.08 0.38 
616178 865 1771.77 133.44 824.42 1810.65 81.73 -4.69 2.19 12.96 -38.75 0.15 0.06 0.37 
616189 702.39 1855.09 59.03 647.86 1907.54 29.32 -7.76 2.83 12.42 -50.34 0.3 0.04 0.13 
616216 710.06 1823.81 8.49 624.22 1854.25 4.06 -12.09 1.67 2.75 -52.2 0.4 0.01 0.01 
617003 638.33 1872.89 29.29 575.36 1920.6 13.04 -9.86 2.55 10.69 -55.48 0.4 0.02 0.06 
 
Note: P is precipitation, PET is potential evapotranspiration, m is catchment character, DI is dryness index, EI is evaporation index and Deviation (d) is defined as the ratio of 
EI to DI. 
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Chapter 4. Water use efficiency responses of Australia’s for-
est ecosystems to drought 
* 
  
                                                 
* This Chapter will be submitted to "Agricultural and Forest Meteorology". 
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4.1 Abstract 
Australia has experienced pronounced climate change for the past several decades, 
especially in forested areas where a reduction trend in rainfall has occurred. However, the 
responses of Australian forests to this rainfall decline are not fully understood, with 
observations of both increased vigour and dieback being observed. To better understand 
the dynamics and responses of Australian forest ecosystems to climate change, the 
magnitude and trend of WUE of forests, and their response to drought from 1982 to 2014, 
were analyzed using a modified version of the CABLE land surface model in the BIOS2 
modelling environment. Instead of solely relying on the ratio of GPP to ET as WUE 
(GPP/ET), the ratio of NPP to ETr (NPP/ETr) was included as well to more 
comprehensively understand the response of vegetation to drought. For the studied period, 
the national average annual forest WUE was 1.39 ± 0.80 g C kg−1 H2O for GPP/ET and 
1.48 ± 0.28 g C kg-1 H2O for NPP/ETr. The WUE increased in the entire study area (with 
a rate of 0.003 g C kg−1 H2O yr
-1 for GPP/ET; p < 0.005 and a rate of 0.0035 g C kg-1 
H2O yr
-1 for NPP/ETr; p < 0.01), whereas different trends were detected in different 
biomes. A significant increasing trend of annual WUE was only found in woodland areas 
due to higher magnitudes of increases in GPP and NPP than ET and ETr. The exception 
was in eucalyptus open forest where ET and ETr decreased more than reductions in GPP 
and NPP. The response of WUE to drought was further analyzed using 1-48 month scales 
SPEI. More severe (SPEI < -1) and frequent droughts (over ca. 8 years) occurred in the 
north than in the southwest and southeast of Australia since 1982. The response of WUE 
to drought varied significantly with region and forest type, mainly the result of changes 
in ET and ETr. The cumulative lagged effect of drought on monthly WUE derived from 
NPP/ETr was consistent and relatively short and stable between biomes (< 4 months), but 
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notably varied for WUE based on GPP/ET, with a long time lag (mean of 16 months). 
This study provides a comprehensive insight of the responses of coupling water and 
carbon processes to drought in Australia’s forest ecosystems. 
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4.2 Introduction 
WUE, the ratio of carbon sequestration and water consumed, generally reflects the trade-
off relationship between water and carbon for vegetation. At the ecosystem scale, WUE 
is generally calculated as the ratio of GPP to ET, which can be obtained from remote 
sensing and modeling methods. Globally, WUE has been considerably affected by 
changes in climate, such as warming, drought and rising CO2 levels (Huang et al., 2015; 
Liu et al., 2015; Niu et al., 2011; Peñuelas et al., 2011; Prior et al., 2011; Xiao et al., 
2013). WUE of vegetation broadly shows a positive correlation with rising CO2 levels, in 
both experimental (De Kauwe et al., 2013) and modeling (Knauer et al., 2016) studies. 
The increase of intrinsic WUE under warming and increasing CO2 is a result of the 
positive response of photosynthesis (Keenan et al., 2013). The work of Peñuelas et al. 
(2011) indicated that the increase in WUE from an elevation in global CO2 levels does 
not necessarily result in increased growth of vegetation. However, the response of WUE 
to warming and increasing CO2 is varied due to the different contributions of carbon and 
water processes. Moreover, responses of carbon and water processes to climate change 
can vary with forest type. For instance, in Northern hemisphere broadleaf forests, GPP 
increased more than ET under warming and rising CO2 levels, whereas, in subtropical 
evergreen forests, ET was more sensitive to climate change than GPP (Yang et al., 2016b). 
Also, the response of forests to climate change varies with water and energy supply 
conditions (Liu et al., 2015). Compared to the overall response of vegetation to warming 
and rising CO2 levels, the effect of drought is more inconsistent. The impacts of drought 
on vegetation are varied under different drought conditions, particularly severity, length 
and frequency (Huang et al., 2016; Wu et al., 2015; Yang et al., 2016b). In addition, the 
life-habit of plants and their tolerance to drought determined their responses to the timing 
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and the length of droughts (resistance) and the potential recovery from extreme dry events 
(resilience) (Yang et al., 2016a). Regional decline in water availability may offset the 
growth-enhancing effects of other global changes and reduce the extent to which forests 
ameliorate climate warming (Brzostek et al., 2014). Lag-effects of drought on vegetation 
have been reported worldwide (Wu et al., 2015). Niu et al. (2011) concluded that the 
ecosystem WUE in a temperate steppe, in response to climate change, was dominated by 
the response of GEP rather than ET. Similarly, Tan et al. (2015) found that GPP 
dominated the change in WUE in a 9-year-monitored tropical rainforest. Moreover, 
Eamus et al. (2013) highlighted that the effect of increased VPD, along with drought, on 
NPP was substantially larger than that of increased temperature plus drought. 
The relationship between vegetation greenness and climate change varies across the 
Australian continent for each vegetation type. For instance, NDVI of non-forest 
vegetation was significantly correlated to terrestrial water storage across northwestern 
Australia (McGrath et al., 2012), but there was an unrelated relationship between LAI 
and rainfall for the forest in southwestern Australia (Smettem et al., 2013). In addition, it 
was reported that forests may grow slower under a warmer climate (Prior and Bowman, 
2014), which would reduce carbon sequestration and slow recovery after catastrophic 
disturbances (Bowman et al., 2014). ET at the Australian continent scale had a positive 
sensitivity to rainfall and temperature (Raupach et al., 2013), while, soil moisture, which 
has been experiencing a long-term decline since 2000 (Chen et al., 2014b), was 
considered as the main limitation of ET in inland Australia (Jung et al., 2010).  
Drought has been become one of the most severe impacts of climate change, affecting 
global water resources and carbon mitigation. The first decade of the 21st century is 
recognized as the driest decade on record in Australia (van Dijk et al., 2013). The growth 
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of Australia’s vegetation contributed to almost 60% of global carbon sink anomaly in 
2011, which was mainly affected by grassland and woody savanna (Poulter et al., 2014). 
Meanwhile, Australian semi-arid ecosystems have entered a condition with increased 
sensitivity of NEP to precipitation (Haverd et al., 2016). The performance of some 
vegetation, such as shrublands and grasslands, is strongly related to the water inputs 
(precipitation and soil moisture), however, some vegetation types, like forests and woody 
savannas, have been changing inconsistently with water input dynamics (Liu et al., 2016). 
Meanwhile, both forest dieback (Evans et al., 2013) and greening (Smettem et al., 2013) 
were observed in Australia’s forests. The response of forests to climate change is not 
comprehensively understood, and forested areas in Australia exhibit high uncertainty 
with the dynamic of water inputs. In addition, climate change could converge to affect 
vegetation, for instance, drought and extreme heat in 2010/2011 markedly reduced forest 
growth (Evans et al., 2013) and even led to some forest mortality in Western Australia 
(Matusick et al., 2013). Without comprehensively understanding the response of forests 
to climate change, it is hard to predict how carbon sequestration of Australian ecosystems 
will perform under drying and warming climate conditions. 
In this study, we sought to characterize the responses of WUE in Australia’s forest 
ecosystems to drought for the period 1982 to 2014. Our specific objectives were: (1) to 
identify the drought situation for each forest type; (2) to quantify the magnitude and the 
dynamics of WUE of Australia’s forest ecosystems; and (3) to understand the response 
of the forest’s WUE to drought. 
4.3 Methodology
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4.3 Methodology 
4.3.1 Definition of WUE 
WUE is generally calculated as the ration of GEP to ET in ecosystem scale, reflecting 
carbon assimilation and water consumption. Since ET includes ETr and non-productive 
water use from the soil surface and canopy surface (E), the ratio of GPP to ETr was 
determined by the specific coupling relationship between water and carbon for plant 
functional traits. NPP, which is defined as GPP minus ecosystem respiration (ER), as this 
reflects the net carbon assimilation capacity. Although a strong linear relationship has 
been reported between GPP and NPP based on observations from eddy flux towers 
(Janssens et al., 2001; Yu et al., 2013), there is still a large variation of this relationship 
from environmental controls (Yu et al., 2008). Therefore, in addition to using the ratio of 
GPP to ET as WUE, both GPP/ET and NPP/ETr were analyzed in this study to understand 
the response of forest to droughts. The monthly water and carbon data, including GPP, 
NPP, ET and ETr, were derived from the BIOS-2.1 model in a 5 × 5 km resolution over 
the period 1982 to 2014. 
4.3.2 BIOS-2.1 model and forcing data 
The BIOS-2 model was firstly applied by Haverd et al. (2013) who used revised CABLE 
v1.4 model (Kowalczyk et al., 2006; Wang et al., 2011) with CASA-CNP biogeochemical 
model (Wang et al., 2010) for carbon module and with Soil-Litter-Iso soil model (Haverd 
and Cuntz, 2010) for soil module in Australia at a fine spatial resolution. Furthermore, 
Trudinger et al. (2016) optimized the model parameters with a new implementation for 
Australia denoted BIOS-2.1.  
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The BIOS-2.1 model was parameterized using: daily gridded meteorological data from 
the contribution of Bureau of Meteorology to the Australian Water Availability Project 
(Jones et al., 2009); soil types maps from the Digital Atlas of Australian Soils (Northcote 
et al., 1975); vegetation cover data derived from third generation of the GIMMS NDVI 
time series. The model was calibrated and validated using monthly eddy flux data (ET, 
GPP and NEP) from 14 OzFlux sites, long-term means of leaf NPP, above-ground 
phytomass, above-ground litter, soil carbon density in the top 15 cm and streamflow at 
51 unimpaired catchments (Trudinger et al., 2016). Predictions of BIOS2 were evaluated 
against multiple data sets. The regional-scale uncertainty estimates were generally 
consistent with model/observation biases. The resulting uncertainties of optimized BIOS-
2.1 in NPP at the regional scale are smaller than BIOS-2. More details of the BIOS2.1 
model are described in Haverd et al. (2013) and Trudinger et al. (2016). 
4.3.3 Vegetation types 
In this study, both forest and woodland were analyzed to understand the impact of drought 
on trees. The latest released National Vegetation Information System (NVIS) Version 4.2 
was used for forest classification (http://www.environment.gov.au/land/native-
vegetation/national-vegetation-information-system). The original NVIS v4.2 data have 
100 x 100 m resolution for 33 major vegetation groups. To adapt to other datasets, the 
NVIS v4.2 was re-sized to 5 x 5 km by using the “Majority” method (the dominant type 
in 5 * 5km window) in ArcGIS 10.4. The selected forest classes from NVIS v4.2 consist 
of Rainforests and Vine Thickets (RVT), Eucalypt Open Forests (EOF), Eucalypt 
Woodlands (EW), Eucalypt Open Woodlands (EOW), Acacia Forests and Woodlands 
(AFW) and Tropical Eucalypt Woodlands/Grasslands (TEWG), accounting for 0.5, 4.1, 
5.8, 11.1, 4.5, and 1.6%, respectively (Figure 4.1). 
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Figure 4.1 Forest types in the Australian continent from the National Vegetation 
Information System (NVIS) Version 4.2. (Rainforests and Vine Thickets (RVT), 
Eucalypt Open Forests (EOF), Eucalypt Woodlands (EW), Eucalypt Open Woodlands 
(EOW), Acacia Forests and Woodlands (AFW) and Tropical Eucalypt Woodlands or 
Grasslands (TEWG)) 
4.3.4 Standardized Precipitation-Evapotranspiration Index (SPEI) 
The SPEI is used in this study for assessing the drought situation of forested areas in 
Australia. The SPEI is a multi-scalar drought index based on both precipitation and 
temperature data (Vicente-Serrano et al., 2014). It combines the sensitivity of the PDSI 
to changes in evaporation demand (caused by fluctuations and trends of temperature and 
VPD) with the simplicity of calculation and the multi-temporal nature of the SPI 
(Vicente-Serrano et al., 2014). With multi-scalar character, SPEI can be used for 
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measuring drought severity according to its intensity and duration, and for identifying the 
accumulated lagged effects on vegetation (Vicente-Serrano et al., 2010). 
The SPEI is calculated by means of a climatic water balance - the difference between 
precipitation and PET (Equation 4.1): 
D = P − P ET           (4.1) 
where, D is the difference; P is precipitation from AWAP and PET is potential 
evapotranspiration, which is calculated by the Thornthwaite equation (Penman, 1948; 
Thornthwaite, 1948).  
The calculated D values are aggregated at various time scales (Vicente-Serrano et al., 
2010) (Equation 4.2): 
  (4.2) 
where, k (months) is the timescale of the aggregation and n is the calculation number. The D 
values are undefined for n < k. Timescales from 1 to 48 months were used in this study, 
as the SPEI has 1 to 48 month scales. For example, to obtain the k-month SPEI, firstly, a time 
series was constructed by summing of D values from k-1 months up to the current month. 
Given the strong seasonal differences in the magnitude of P and PET in various climate 
regimes, to obtain SPEI series comparable in space and time, it was necessary to transform 
the D series using equal probability to a normal distribution with a mean of zero and standard 
deviation of one. Accordingly, the values of the SPEI are in standard deviations and lack 
seasonal effects. A log-logistic probability distribution function was fitted to the data 
series of D, as it adapts very well to all time scales. The complete calculation procedure for 
the SPEI can be found in Vicente-Serrano et al. (2010). 
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In this study, k (1 - 48) month SPEI was calculated for a given month using monthly 
difference (D) data in the current and previous (k - 1) months, spanning the period from 
1970 to 2014. The SPEI calculation was conducted in R 3.3.1 with package SPEI version 
1.6 (https://cran.r-project.org/web/packages/SPEI/index.html). Droughts in a given year 
were classified into 7 categories, according to the 12-month SPEIs through the end of 
December (Mckee et al., 1993). These 7 drought categories were as follows: extreme 
drought (ED, SPEI < -2), severe drought (SD, SPEI ∈ (-2, -1.5)), moderate drought (MD, 
SPEI ∈ (-1.5, -1)), near normal (NN, SPEI ϵ (-1,1)), moderate wet (MW, SPEI ϵ (1, 1.5)), 
severe wet (SW, SPEI ϵ (1.5, 2)), and extreme wet (EW, SPEI > 2). 
4.3.5 Assessment of the lag-effect of drought on WUE 
Lagged effects of drought were assessed with multiple scales SPEI and standardized 
anomaly index (Nicholson,1983) of WUE. The anomaly index of  WUE (WUESAI), which 
was standardized by the mean and standard deviation of the monthly WUE from 1982 to 
2014, was used to analyze the response of WUE to droughts. 
4.3.5.1 Standardized anomaly index (SAI) 
𝑆𝐴𝐼(𝑚,𝑛) =
𝑋(𝑚,𝑛)−𝑋𝑚̅̅ ̅̅ ̅
𝑠𝑑(𝑥𝑚)
  (4.3) 
 
Where, m is month, n is year, 𝑋(𝑚,𝑛) is the X in month m of year n, 𝑋𝑚 is the X time series 
in month m over 33 years, sd is the standard deviation, 𝑥𝑚̅̅ ̅̅  is the average of X in month 
m over 33 years. Here the same drought category was used to define the anomaly of SAI, 
including extreme decrease (ED, SAI < -2), severe decrease (SD, SAI ∈ (-2, -1.5)), 
moderate decrease (MD, SAI ∈ (-1.5, -1)), near normal (NN, SAI ∈ (-1,1)), moderate 
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increase (MI, SAI ∈ (1, 1.5)), severe increase (SI, SAI ∈ (1.5, 2)), and extreme increase 
(EI, SAI > 2). 
4.3.5.2 Time-lag calculation 
To calculate the time-lag effects of drought on WUE, in each pixel, the correlations 
between monthly SAIs of NPP/ETr and GPP/ET and 1-48 scale SPEI were calculated. As 
48 time scales (k =1 - 48) of SPEI were used for lagged effect research; therefore, 48 
correlations were calculated for each pixel. Maximum correlations and corresponding time 
scales (k) were selected for assessing the accumulated lagged effects of droughts. 
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4.4 Results 
4.4.1 Droughts in Australia’s forest from 1982 to 2014 
More frequent and severe droughts were observed from 2002 to 2014 than during the 
previous three decades. Mean annual SPEI, which was derived from 12-month scale 
monthly SPEI, was used to reflect the drought condition of the forested area in Australia. 
A drying trend since 1982 across Australia’s forest area is evident in Figure 4.2. Although 
forests experienced several droughts during 1982-1999 (mean SPEI of -0.03 and mean 
affected area of 10%), such as in 1991 and 1992 with affected area about 30%, droughts 
were not as severe and extensive as those after 2000 (mean SPEI of -0.05 and mean 
affected area of 22%). Furthermore, since 2002, forests in Australia experienced 
continuous and expansive droughts in 2002, 2003, 2005, 2007, 2008, 2013 and 2014. In 
comparison with drought before 2000, more forests were affected by moderate and severe 
droughts. Especially in 2003, 2005 and 2013, the mean annual SPEI was less than -1 and 
about 50% of forests were affected. 
 
Figure 4.2 The percentage for each drought type in Australia’s forest areas from 1982 to 
2014. These 7 drought categories include extreme drought (ED, SPEI < -2), severe 
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drought (SD, SPEI ∈ (-2, -1.5)), moderate drought (MD, SPEI ∈ (-1.5, -1)), near normal 
(NN, SPEI ∈ (-1,1)), moderate wet (MW, SPEI ∈ (1, 1.5)), severe wet (SW, SPEI ∈ 
(1.5, 2)), and extreme wet (EW, SPEI > 2). 
Spatially, the whole of Australia’s forested area has been affected by severe drought since 
1982, even though the frequency and severity of drought varied considerably (Figure 4.4 
and 4.5). The majority of frequent and severe droughts, more than 6 years of SPEI less 
than -1, occurred in the north of Australia for, which was followed by inland areas (about 
4-6 droughts) and southern coastal areas (less than 6 droughts) (Figure 4.3). For different 
vegetation types, a large proportion of EW (53%) experienced frequent droughts (>= 6 
years) since 1982, followed by TEWG (45%) and EOW (40%). Most of the AWF (75%) 
showed less frequent droughts (<= 5 years). And more than 50% of EOF and RVI 
experienced less than 5 droughts. Furthermore, the EOF in southwestern Australia 
experienced drought mainly in 2001, 2007, 2010, and 2011, while the most severe 
droughts in EOF in eastern Australia were in 2002, 2003, 2006 and 2007. 
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Figure 4.3 Drought frequency (years with SPEI < -1) from 1982 to 2014 in Australia. 
 
Before 2000, the most extensive drought happened in 1992 when more than 70% of EW 
and TEWG in northern Australia were affected (Figure 4.4). In 2002 and 2003, most of 
the severe and even extreme droughts occurred in the eastern and northern parts of 
Australia, therefore most of the Australian woodland and forest area were affected, the 
main exception being forests in southwestern Australia and Tasmania. In 2003, a large 
area of extreme drought was observed for EW and EOW forest in the middle eastern part 
of Queensland and for EOF in south-eastern Australia. In 2005, about half of the northern 
and inland parts of Australia’s forests, where woodland is the dominant vegetation type, 
was experiencing moderate drought. By contrast, in 2007, about 40% of EOF and AFW 
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in southern Australia encountered moderate to severe droughts. In 2013 when more than 
half EW and AFW were affected, droughts mainly occurred in the north of Australia and 
in inland forests in eastern Australia. Apart from these years when droughts were 
extensively observed, EOF forest in the south-western Australia experienced severe 
drought in 2001, 2010 and 2011, while a severe drought occurred in Tasmania in 2008.  
 
Figure 4.4 The percentage of each drought type for different forest types in Australia from 
1982 to 2014. Rainforests and Vine Thickets (RVT), Eucalypt Open Forests (EOF), 
Eucalypt Woodlands (EW), Eucalypt Open Woodlands (EOW), Acacia Forests and 
Woodlands (AFW) and Tropical Eucalypt Woodlands or Grasslands (TEWG). The 
legend of drought category is the same as in Figure 4.2. 
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Figure 4.5 Spatial distribution of area experiencing drought in 1992, 2003, 2005 and 2013. 
The legend of drought category is the same as in Figure 4.2. 
At a seasonal scale, drought demonstrated clear seasonal differences and affected area for 
different forest types since 1982 (Figure 4.S1). The most expansive drought during the 
past 40 years occurred from October 2002 to June 2003, during which period around 80% 
of the forest was affected (Figure 4.4). Besides, all vegetation types showed similar 
drought conditions during this drought period. However, for another two severe drought 
years, 2005 and 2007, differences in drought severity and affected areas were 
distinguishable for each vegetation type. In 2005 when drought continued for the whole 
year, drought affected more than 60% of woodland forests, and the drought situation was 
more severe in the former than the latter (Figure 4.4). For the EOF forest, only around 
20% of the area was affected in 2005. On the contrary, more EOF forests were impacted 
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by drought between August 2006 and April 2007 than the previous years, with around 
75% of forest affected. In 2013, the drought, lasting from February to October, affected 
about 50% of EOW, AFW, EW and TEWG forests, and around 20% of EOF forest. 
Overall, severe drought occurred more extensively in AWF forests, but less extensively 
in TEWG from 1982 to 2014.  
4.4.2 Magnitude and dynamic of annual WUE for different vegetation 
types from 1982 to 2014 
All carbon and water processes displayed variable spatial patterns between different 
vegetation types in Australia, increasing from inland dry areas to coastal wet areas (Figure 
4.6). A two-tail T-test was conducted for each variables, and the results suggested that 
carbon and water flux are statistically different to each other for each vegetation type, 
except NPP/ETr. GPP and NPP showed the same pattern for all these vegetation types. 
The highest GPP and NPP were observed in RVI, with mean of 5.7 g C m−2 d−1 for GPP 
and 2.8 g C m−2 d−1 for NPP, followed by EOF (means of 4.9 g C m−2 d−1 for GPP and 
2.4 g C m−2 d−1 for NPP) and TEWG (means of 3.2 g C m−2 d−1 for GPP and 1.7 g C m−2 
d−1 for NPP). AWF had the lowest GPP and NPP, which were only half those in EW 
(means of 2.5 g C m−2 d−1 for GPP and 1.3 g C m−2 d−1 for NPP). As for water 
consumption, ETr had almost the same spatial pattern as GPP and NPP, increasing from 
the inland AFW (mean of 0.2 mm d−1) and EW (mean of 1.7 mm d−1) to coastal TEWG 
(mean of 1.6 mm d−1) and EOF (mean of 2.5 mm d−1) areas, with the highest at RVI (mean 
of 2.8 mm d−1) located in the southwest and southeast of Australia. However, the highest 
ET was observed in the northern area where TEWG (mean of 2.5 mm d−1) is the dominant 
vegetation types, followed by RVI (mean of 2.2 mm d−1) and EOF (mean of 2.0 mm d−1).  
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Using the ratio of GPP to ET as WUE (GPP/ET), the mean annual GPP/ET gradually 
declined from coastal RVI and EOF (mean of 2.4 g C kg−1 H2O) to inland EW (mean of 
2.2 g C kg−1 H2O) and AFW (mean of 0.7 g C kg
−1 H2O). In addition, GPP/ET increased 
from the south to the north of the continent for EOF, while it decreased from the north to 
the south for EOW. On average, RVI forest had the highest mean annual WUE (mean of 
2.6 g C kg−1 H2O) followed by EOF (mean of 2.4 g C kg
−1 H2O); EOW (mean of 1.4 g C 
kg−1 H2O), TEWG forest (mean of 1.3 g C kg
−1 H2O) and EW (mean of 1.1 g C kg
−1 H2O) 
had similar low WUE, while the lowest WUE was observed in AFW (mean of 0.7 g C 
kg−1 H2O). 
When the ratio of NPP to ETr (NPP/ETr) was taken as WUE, although a similar spatial 
pattern of mean annual NPP/ETr was observed to GPP/ET, there was a smaller difference 
of NPP/ETr between different vegetation types than using GPP/ET. The highest NPP/ETr 
was found in RVI and EOF (mean of 1.6 g C kg−1 H2O), while the lowest was observed 
in EW (mean of 1.3 g C kg−1 H2O) (Figure 4.7). 
Chapter 4 Water use efficiency responses of Australia’s forest ecosystems to drought
 
120 
 
 
Figure 4.6 Spatial distribution of mean annual GPP (g C m−2 d−1), NPP (g C m−2 d−1), ET 
(mm d−1), ETr (mm d−1), GPP/ET (g C kg-1 H2O) and NPP/ETr (g C kg
-1 H2O) over the 
period 1982-2014 across forested area of Australia. 
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Figure 4.7 Comparisons for each vegetation type of mean annual GPP (g C m−2 d−1), NPP 
(g C m−2 d−1), ET (mm d−1), ETr (mm d−1), GPP/ET (g C kg-1 H2O) and NPP/ETr (g C 
kg-1 H2O) over the period 1982-2014. 
 
Overall, there was an increasing trend of WUE in Australia’s forests from 1982 to 2014, 
with a rate of 0.003 g C kg-1 H2O yr
-1 (p < 0.005) for GPP/ET and a rate of 0.0035 g C kg-
1 H2O yr
-1 (p < 0.01) for NPP/ETr. Annual GPP/ET exhibited increasing trends in north-
eastern Australia but decreasing trends were apparent in south-eastern and north-western 
coastal areas (Figure 4.8), while annual NPP/ETr increased more greatly in the northern 
area than in the southern area. Although the trend of annual WUE across the entire 
forested area was not statistically significant, the annual WUE showed a significant 
increasing trend in the EW and EOW areas, with increasing rates of 0.0035 g C kg-1 H2O 
yr-1 (p < 0.05) and 0.003 g C kg-1 H2O yr
-1 (p < 0.001) of GPP/ET, respectively, and 
increasing rates of 0.006 g C kg-1 H2O yr
-1 (p < 0.001) and 0.005 g C kg-1 H2O yr
-1 (p < 
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0.001) of NPP/ETr , respectively (Table 4.1). For AFW, there was a significant increase in 
NPP/ETr (0.0077 g C kg-1 H2O yr
-1 (p < 0.001), but no significant change in GPP/ET was 
observed. For other vegetation types, no significant trend was found. For EOF forest, 
GPP/ET in eastern increased more than in western Australia, while a similar increasing 
trend of NPP/ETr was found between the two areas. A similar pattern was also observed 
in northern Australia, where EOW in the northeast had an increasing trend of GPP/ET 
while in the northwest the reverse trend was apparent (Figure 4.8). 
Table 4.1 Trend of each water and carbon variable from 1982 to 2014. 
Vegetation 
type 
ET 
(mm d-1 
yr-1) 
ETr 
(mm d-1 
yr-1) 
GPP 
(g C m−2 d−1 
yr-1) 
NPP 
(g C m−2 d−1 
yr-1) 
GPP/ET 
(g C kg-1
 
H
2
O yr-1) 
NPP/ETr 
(g C kg-1
 
H
2
O yr-1) 
AFW 0.005 0.002** 0.0055* 0.003** 0.0016* 0.0009 
EOF -0.001 -0.0004 -0.002 -0.00074 0.0006 0.0008 
EOW 0.0045* 0.0016 0.01** 0.0064** 0.003*** 0.005*** 
EW 0.009** 0.0033** 0.014** 0.0084** 0.0035** 0.006*** 
RVI -0.0015 -0.0005 0.001 0.0011 0.0008 0.0004 
TEWG 0.006** -0.0005 0.01** 0.007** 0.0012 0.0077*** 
Note: * (p < 0.1), ** (p < 0.05), *** (p < 0.001) 
 
As WUE is calculated from GPP and ET or NPP and ETr, its dynamic or trend over time 
would be affected by both carbon and water variables (Table 4.1). There was almost the same 
trend between GPP and NPP, with slight increasing (p < 0.05) for AFW (0.0055 and 0.003 g 
C m−2 d−1 yr-1 for GPP and NPP, respectively), EW (0.014 and 0.0084 g C m−2 d−1 yr-1 for 
GPP and NPP, respectively), EOW (0.01 and 0.0064 g C m−2 d−1 yr-1 for GPP and NPP, 
respectively) and TEWG (0.01 and 0.007 g C m−2 d−1 yr-1 for GPP and NPP, respectively), but 
decreasing (p > 0.1) for EOF in the southeast and southwest regions. As for ET and ETr, a 
similar decreasing trend (p > 0.1) was observed in EOF and RVI in the southwest and southeast 
of Australia. By contrast, a significant increasing trend (p < 0.05) in ET was observed in EW 
(0.009 mm d-1 yr-1) and TEWG (0.006 mm d-1 yr-1) in the northeast of Australia, and a dramatic 
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increasing trend (p < 0.05) of ETr in AFW (0.002 mm d-1 yr-1) and EW (0.0033 mm d-1 yr-1) 
in the northeast of Australia (Figure 4.8). 
 
Figure 4.8 Trends in annual water and carbon processes for the forested area in Australia 
over the period 1982-2014. 
4.4.3 Drought effects on WUE 
Pearson’s correlation coefficient (r) was used to study the relationship between drought 
and water and carbon variables. The 12-month scale annual mean SPEI and SAI of all 
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water and carbon variables were analyzed by the Pearson’s method. The result showed 
that the EW had the highest correlations between SPEI and all water and carbon variables 
(Table 4.2), followed by EOW. Although GPP and NPP are strongly related to SPEI in 
AFW, SPEI can only explain less than 50% variation of GPP/ET or NPP/ETr. On the 
contrary SPEI in TEWG showed higher correlation coefficient with GPP or NPP than 
with ET or ETr, and SPEI explained 78 % variation of NPP/ETr. In EOF forest, SPEI 
was significantly related to GPP, NPP and GPP/ET, with an r of about 0.65 (p < 0.001), 
but moderately related to ET, ETr and NPP/ETr, with an r of 0.4 (p < 0.05). Although 
SPEI of RVI is not related to any of those water or carbon variables, a weak correlation 
was observed between SPEI and GPP/ET or NPP/ETr, with r of 0.46 and 0.43 (p < 0.05), 
respectively. The most woodland areas are more sensitive to drought than open forests. 
The dynamic of GPP or NPP and ET or ETr were more synchronous in woodland and in 
open forests. 
Table 4.2 Correlation coefficient (r) from Pearson’s method of each water and carbon 
variable with SPEI from 1982 to 2014. 
Vegetation Type 
                Correlation coefficient (r) with SPEI 
GPP NPP ET ETr GPP/ET NPP/ETr 
AFW 0.84*** 0.84*** 0.81*** 0.83*** 0.45** 0.46** 
EOF 0.63*** 0.66*** 0.4** 0.41** 0.62*** 0.39** 
EOW 0.87*** 0.86*** 0.78*** 0.88*** 0.72*** 0.66*** 
EW 0.92*** 0.92*** 0.89*** 0.93*** 0.65*** 0.78*** 
RVI 0.16 0.21 -0.08 -0.1 0.46** 0.43** 
TEWG 0.84*** 0.83*** 0.66*** 0.3* 0.52** 0.78*** 
Note: * (p < 0.1), ** (p < 0.05), *** (p < 0.001) 
 
Annual forest WUE showed inconsistent responses to different drought situations in 
different areas and time (Figure 4.9 and Figure 4.10). In 2002 and 2003, droughts mainly 
occurred in the eastern and northern parts of Australia, with almost the same affected 
percentage for all vegetation types. Those moderate to severe droughts in 2002 and 2003 
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induced the increase of NPP/ETr both in EW and AFW areas, but the decrease of 
NPP/ETr in RVI, EOF and TEWG areas. Although droughts from 2002 to 2003 resulted 
in the decline of both NPP and ETr for these vegetation types, the decline of ET was more 
severe than NPP in EW and AFW, leading to the overall decline of NPP/ETr. On the 
contrary, the decline of NPP was larger than ETr in TEWG and EOF. A similar behavior 
was observed for GPP and ET from 2002 to 2003. However, GPP/ET in TEWG decreased 
more than NPP/ETr in 2003 due to a more dramatic decrease of ETr than ET. As for 2005, 
most of the northern and inland regions of Australia endured moderate droughts for the 
whole year, and these led to a significant decline in GPP/ET for most of the EOW, EW 
and TEWG area, especially in north-eastern Queensland. Both GPP and ET significantly 
decreased in 2005, whereas the decline in GPP was more considerable than ET. For 2013, 
moderate drought in the EW resulted in dramatic declines of both NPP and ETr, and a 
final decrease of NPP/ETr.  
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Figure 4.9 Anomalies of mean annual GPP,  ET, GPP/ET and SPEI for each vegetation 
type from 1982 to 2014. 
 
Figure 4.10 Anomalies of mean annual NPP,  ETr, NPP/ETr and SPEI for each 
vegetation type from 1982 to 2014. 
A significant lag effect of drought, when NPP/ETr was used as WUE, was found in Australia’s 
forest with more than 50% demonstrating short time-lag effects (<= 3 months) ( Figure 
4.11a ) . NPP/ETr was significantly correlated with SPEI (p < 0.05) in more than 82% of 
the study areas. SPEI and WUE exhibited the strongest relationship in EOW and TEWG 
for the north of Australia. Other relatively weak relationships were found in EOF for 
south-eastern and south-western Australia. For different vegetation types, most of EOF, 
TEWG, EW and EOW in the north of Australia showed a short lag time of droughts (less 
than 3 months) whereas it was 3-6 months for AFW. However, EOW in the southwest of 
Australia displayed longer time-lag effects (> 9 months) than in other areas. 
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The time-lag effects of droughts on GPP/ET were far more inconsistent than that of 
NPP/ETr (Figure 4.11b). Only about 60% of Australian forested area showed evident 
drought lag effects. For each forest type, the highest proportion of RVI showed significant 
lag effects of drought with the proportion around 71%, followed by EOF and AWF with 
proportions of 67 and 66%, respectively. There was only a small proportion (30%) of 
TEWG that had significant lag effects of drought. Overall, forest in Australia only showed 
a long length of drought time lag on GPP/ET, with an average time lag of 16 months. 
More than 40% of EOF had relatively short (<= 3 months) accumulative lag effects of 
drought. Moderate time lag (4-9 months) was observed in parts of EOF in south-eastern 
Australia. Similar to NPP/ETr, long lag-time effects (> 9 months) were observed in part 
of EOW in the southwest of Australia. For some EOW (42%) and EW (25%) in central-
east Queensland, GPP/ET responded to drought with the longest time lag (more than 12 
months). 
 
Figure 4.11 Spatial distribution of time lag (months, p < 0.05) of drought on (a) NPP/ETr 
and (b) GPP/ET from 1982 to 2014. 
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4.5 Discussion 
4.5.1 Spatial and temporal pattern of drought in Australia’s forest 
Drought in Australia’s forest ecosystems has become more frequent since 2000 and varies 
considerably at both temporal and spatial scales. In recent decades, eastern and northern 
Australia has experienced more frequent and severe droughts than south-western 
Australia. AWF encountered far more frequent and extensive droughts after 2002 than 
the previous decades. On the contrary, TEWG experienced less drought after 2000 than 
before. The period from 2002 - 2010 was called the “Millennium Drought” in south-
eastern Australia (van Dijk et al., 2012). The first severe drought in eastern Australia in 
this period was from October 2002 to August 2003 and the second severe drought 
occurred in south-eastern Australia from September 2006 to September 2007. Several 
factors were reported as reasons for these droughts, including the mean sea level pressure 
across southern Australia (Hope and Ganter, 2010), ENSO (Vicente-Serrano et al., 2011), 
Indian Ocean Dipole (Ummenhofer et al., 2009), and Southern Annular Mode (Taschetto 
and England, 2009), yet the drought’s origins have remained elusive. Using rainfall data 
from 245 basins, van Dijk et al. (2012) concluded that ENSO was the main reason for the 
drought in eastern Australia, while Pacific Decadal Oscillation was considered as the 
main factor in southern Australia. Although in south-western and northern parts of 
Australia the drought condition was less severe than in eastern Australia, droughts 
occurred more frequent in northern Australia and in southwestern Australia. The most 
severe drought period in northern Australia was from February 2005 to October 2005, 
while in southwestern Australia the most severe droughts occurred from September 2006 
to September 2007 and from June 2010 to July 2011. These droughts resulted from 
Southern Hemisphere Subtropical Ridge and global mean temperature parameters (van 
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Dijk et al., 2012). Under these severe drought conditions, many basins in Australia 
showed dramatic declining trends in streamflow and groundwater (Zhang and Liang, 
2014). For instance, multi-year drought in the Murray-Darling Basin in south-eastern 
Australia led to almost complete drying of surface water resources in some catchments 
and persistent reduction in soil moisture (Chen et al., 2014a) and groundwater storage 
(Leblanc et al., 2009). Similar declining trends in streamflow and soil water content were 
also reported in southwestern Australia (McFarlane et al., 2012; Silberstein et al., 2013). 
When the groundwater gradually drops, the resultant disconnection of groundwater from 
the surface water causes a fundamental change to forest hydrology (Kinal and Stoneman, 
2012). Forest dieback was also observed both in the east (Bennett et al., 2013; Jurskis, 
2005) and in the west where trees are in rocky soils and low water holding capacity areas 
(Brouwers et al., 2013b; Evans et al., 2012; Matusick et al., 2013) under these severe 
droughts. For instance, crown dieback in the dominant tree species was reported in the 
Northern Jarrah Forest of Western Australia following an extremely dry and hot 
year/summer of 2010/11 (Evans et al., 2013).  
4.5.2 WUE pattern and its response to drought 
ETr was reported to account for 40% of ET in Australia (Haverd et al., 2013). A similar 
result was observed in this study with excepts of EOF and RVI where ETr took up more 
than 80% of ET (Figure 4.7). This significant difference between ET and ETr may result 
from different PET and soil water content in different vegetation types. Moreover, there 
was a strong linear relationship between GPP and NPP due to the strong linear 
relationship between GPP and ER derived from eddy flux towers in Australia (Beringer 
et al., 2016). Therefore, the spatial variation of WUE was dominated by the ratio of ETr 
to ET, while temporal variation was because of the variation in water condition except 
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for RVI (Table 4.2). The similar NPP/ETr for different vegetation types suggested that 
Australian forest ecosystems had minor difference in the intrinsic WUE, even though 
water and carbon processes were significantly different from each other.  
The response of WUE to drought varied significantly with vegetation type, which was 
also affected by the magnitude, frequency and time of drought. Our results showed that 
woodland areas, such as EW, EOW and TEWG, generally had a strong relationship 
between carbon and water processes and water supply. However, this strong relationship 
did not transfer to simultaneous change in WUE, with maximum r of 0.78 in EW. In forest 
areas, such as EOF and RVI, water and carbon processes were not related to SPEI, which 
can also be reflected by the poor relationship between vegetation indices and rainfall (Liu 
et al., 2016). EOF and RVI are key forest types for management in Australia, and they 
showed severe decline of WUE, so these two forest types are discussed further.  
EOF showed different responses to droughts in different regions and climate zones. 
Stronger relationships between vegetation index and rainfall and soil moisture were found 
in south-eastern than in south-western Australia for EOF (Liu et al., 2016). Whereas, 
Sawada and Koike (2016) highlighted that even though the biomass of vegetation 
decreased along with the drying condition, vegetation traits such as carbon allocation 
strategy may have helped them to maintain greening. The trend analysis results showed 
that only high-density forest types (RVI and EOF) experienced a slight decline in ET and 
ETr, even though the trend was not significant (p > 0.05). The weak relationship between 
SPEI and ET and ETr indicated that this forest may have other water resources, apart 
from rainfall, during the dry season, such as soil water (Jung et al., 2010) and groundwater 
(Smettem et al., 2013). Leuning et al. (2005) found that trees at two eddy flux sites in 
northern Queensland could extract groundwater to maintain high annual ET demand 
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during the drought in 2002-2003. However, if the drought condition continues, the 
groundwater could be disconnected from the surface that occurred in southwestern 
Australia because of the long-term water shortage (Kinal and Stoneman, 2012), which 
may result in carbon decline or even forest mortality in some areas (Allen et al., 2010).  
For EOF forests in southwestern Australia, the most severe drought occurred from June 
2010 to July 2011. During the first half of this drought, GPP did not show clear change, 
but ET had a slight decline, which resulted in a slight increase of WUE. This is because 
there was still enough soil water for the forest to keep growing (May to October is the 
wet season in southwestern Australia). However, during the second summer period, GPP 
showed a moderate decline while ET had an extreme decrease, which resulted in a slight 
increase of WUE. Under this extreme drought, some of the forests showed a dramatic 
decline of GPP but a moderate decline of ET, which resulted in a decrease of WUE. This 
long period of severe drought, combined with heat wave conditions, resulted in areas of 
crown die-back near Perth (Brouwers et al., 2013a).  
For EOF in eastern Australia, the most severe drought was from October 2002 to August 
2003. We found that this extensive severe drought resulted in the dramatic decline in both 
water and carbon fluxes. However, ET and ETr decreased much less than GPP and NPP, 
which led to a significant decline of WUE. Meanwhile, far larger areas encountered 
severe decline in NPP/ETr than GPP/ET. Keith et al. (2012) also found that the severe 
drought in 2003 resulted in a large imbalance in the C budget with a 26% reduction in 
GPP and a 9% reduction in ER in EOF in the southeast of Australia. However, this 
drought did not result in the decline in ET, because of the supply of soil water, but led to 
an extreme decrease in ETr (Keith et al., 2012).  
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4.5.3 Time lag of vegetation’s response to drought 
Regarding the drought lag-effect, different results were found between monthly SPEI and 
WUE using different WUE definitions. When NPP/ETr was used to analyse the 
relationship between SPEI and WUE, most of the vegetation showed significant 
correlations with less than 3 months’ lag in Australia. However, when GPP/ET was used 
as WUE, a long-time lag (> 12 months) was found for most forests located in 
southwestern and northern Australia. A short time-lag of NPP/ETr to SPEI suggested that 
vegetation has become sensitive to water shortage in Australia. This time lag effects of 
drought on NPP/ETr may be a reason for the poor relationship between annual mean 
NPP/ETr and SPEI in Table 4.2. Similarly, Huang et al. (2016) found that NPP of 
mainland Australia’s shrubland was strongly related to SPEI with a long time lag (1-4 
years), but the weakest and/or negative relationships were observed in EOF, woody 
savannas, and open shrubland in the Northern Hemisphere, suggesting that these 
ecosystems did not respond strongly to changes in drought over long time scales. For both 
ET and ETr, a short time lag (less than 6 months), was found in woodland (EW and AFW), 
while long time lag was observed in some EOF in the southwest of Australia. However, 
a much longer time lag (> 12 months) was observed in ET than in ETr for TEWF and 
some of EOW in northern Australia, implicating that the different response of ET and 
ETr to drought resulted in the different time lag of drought on WUE. Moreover, the 
responses of carbon and water processes to drought could be different to the response of 
WUE to drought. Anderegg et al. (2015) found that even though extreme drought did not 
induce an immediate reduction of forest carbon because of the time-lag of drought, it may 
result in the reallocation of carbon in roots and leaves, and thus ultimately affect the 
carbon sequestration of forests. At the global scale, Wu et al. (2015) also found that the 
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time-lag effects of the vegetation responses significantly affected vegetation growth at 
global scales using NDVI. Time-lag effects of soil moisture on vegetation were also 
found in Australia at a continental scale by Chen et al. (2014b), he found that mainland 
vegetation had a range of temporal scale (0 to 5 months), while more quickly responding 
(< 2 months) areas were found in the eastern and southwestern corner, in areas dominated 
by subtropical and temperate grasslands and rainfed agriculture (both pasture and crops).  
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4.6 Conclusions 
The spatial and temporal pattern of WUE and their response to drought in Australia’s forest 
ecosystems from 1982 to 2014 were studied using SPEI drought index and two WUE 
definitions (ratio of GPP to ET and ratio of NPP to ETr). We identified that Australia's forest 
ecosystems have experienced more frequent severe droughts since 2002 than in the past, and 
conditions of drought varied between forest ecosystems. Generally, an increasing trend of WUE 
was found during this period, especially in the woodland forest area. Drought had significant effects 
on WUE of forest ecosystems, and GPP and NPP were more sensitive to drought than ET and ETr 
in most forest ecosystems. The spatial difference of ET and ETr resulted in the variation of WUEs 
across different vegetation, especially in the northern Australia. Meanwhile, more than half of forest 
had relatively short and significant accumulative lag effects to drought. The response of WUE to 
drought varied with forest type, with EOF and RVI forest had a weaker relationship with drought 
than other forest types. These findings suggest that drought has been a critical issue for Australia's 
forest ecosystems. 
4.7 Appendix 
Figure 4.S1 Mean monthly SPEI for each vegetation type from 1982 to 2014. 
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Figure 4.S1 Mean monthly SPEI for each vegetation type from 1982 to 2014. 
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Chapter 5. Projecting water yield and ecosystem productivity 
to climate change across the Australian continent 
*  
                                                 
* This Chapter will be submitted to "Forest Ecology and Management". 
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5.1 Abstract 
Predicting the responses of water yield and carbon processes to future climate change is 
essential for Australian ecosystems in terms of forest management and meeting carbon 
mitigation targets. In previous work, at a continental scale, Australian streamflow (Q) and 
vegetation showed distinctive responses to climate change. Although Australian climate 
has been projected to keep changing in the future, there is still a considerable uncertainty 
about how much climate will change in different climate zones and how these climate 
changes will affect water and carbon interactions. The objectives of this study were to 
test the monthly ecohydrology model WaSSI-C, and to investigate the potential impacts 
of climate change on water and carbon processes using the most recent climate 
projections based on 19 GCMs of the CMIP5. The performance of the WaSSI-C model 
was comprehensively assessed with measured Q at 222 HRSs. Water and carbon fluxes 
were projected to spatially vary under changing climate across all stations. Across the 
222 HRSs, the WaSSI-C model generally captured the spatial variability in mean annual 
and monthly Q as evaluated by correlation coefficient (R2 = 0.1-1.0), Nash-Sutcliffe 
Efficiency (NSE = -0.4-0.97), and normalized Root Mean Squared Error (0.01-2.2). 
Compared with the baseline period of 1995-2015 across the 222 HRSs, temperature (T) 
across all RCPs (RCP2.6, RCP4.5, RCP6.0, and RCP8.5), was projected to rise by the 
average of 0.56 to 2.49 °C by 2080, while annual precipitation (P) was projected to vary 
significantly. Taking RCP4.5 as an example, over 90% of the catchments would see a 
decrease in annual Q, while the most significant decrease (> 40 mm yr-1 or 85 %) was 
found in the central and eastern part of Australia. Future climate changes may result in a 
significant reduction in water yield but an increase in ecosystem productivity in 
southeastern Australia. On average, gross ecosystem productivity was projected to 
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increase by 17 - 255 g C m-2 yr-1 (2% - 17%) in southeastern Australia, while water yield 
was projected to decrease by 5 - 211 mm yr-1 (34% - 99%) by 2080 in comparison with 
1995-2015. Overall, WaSSI-C showed good performance for estimating water and carbon 
fluxes in Australia. The results provided a foundation for understanding the impacts of 
climate change on Australian ecosystem services and important information for future 
catchment management. 
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5.2 Introduction 
Climate change plays an important role in changing water and carbon fluxes all over the 
world (Running, 2008; Saxe et al., 2002; Vorosmarty, 2000; Zhang et al., 2012). On the 
positive side, global warming, along with the fertilization of increased CO2 (Camarero 
et al., 2015; Keenan et al., 2013), benefits carbon sequestration in the high-latitude 
temperate forests of the northern hemisphere by increasing the length of the growing 
season (Bonan, 2008; Keenan et al., 2014). The moderate drying trends also contribute to 
an increase of WUE of some forests (Cheng et al., 2017; De Kauwe et al., 2013; Trahan 
and Schubert, 2016). On the negative side, global warming and the increase in the 
frequency and severity of drought could result in significant water shortage (Creed 
et al., 2014) and the decline of forest growth (Allen et al., 2010; Girardin et al., 2016). 
The further rises in global mean temperature by 2081-2100 are estimated to be 0.3-1.7 °C 
and 2.6-4.8 °C under two RCP scenarios, RCP2.6 and RCP8.5, above the period 1986-
2005 (IPCC, 2013). Australia’s mean surface air T has warmed by around 1 °C since 
1910 (Jones et al., 2007). Moreover, the projected range of T for 2080 to 2099, displays 
large differences between RCPs, with 0.6 to 1.7 °C under RCP2.6 and 2.8 to 5.1 °C under 
RCP8.5.  
The projected rainfall changes under RCP8.5 are from -25 % to +5 % in southern 
Australia and from -25% to +25 % in northern Australia (Bureau of Meteorology, 2016). 
Climate change and corresponding effects on water and carbon processes have been 
explored in Australia for many specific areas in different time periods (Ali et al., 2012; 
Cheng et al., 2014; Chiew et al., 2009; Islam et al., 2014; Silberstein et al., 2013; Teng et 
al., 2012). For instance, southwestern Australia has experienced a prolonged decline in 
rainfall since the early 1970s, accompanied by serious reductions in inflows for the major 
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storage systems (Smith and Power, 2014). The declining trend in rainfall is expected to 
continue in the future (Ali et al., 2012), which may further decrease the runoff (Islam 
et al., 2014; Silberstein et al., 2013). A similar decline in streamflow under future climate 
scenarios has also been reported in southeastern Australia, whereas P is more likely to 
increase (Fu et al., 2013). At the continental scale, Zhang et al. (2016) comprehensively 
analysed the change of streamflow in 222 HRSs and found that changes in hydrologic 
responses were consistent with observed changes in climate since the 1950s. This 
observation indicates that climate change might be critical for water supply and forest 
management in Australia. However, there has not been a comprehensive comparison of 
the effects of climate change on water yield and carbon sequestration in Australia, 
especially on how they interactively respond to climate change in the future. 
The Water Supply Stress Index and Carbon model (WaSSI-C), developed by Sun 
et al. (2011b), is an ecohydrology model using both remote sensing and eddy flux 
observations to simulate the coupling of water and carbon fluxes. The WaSSI-C only 
needs climate data, LAI and some soil parameters as the input data. By using LAI, the 
accuracy of runoff estimation is significantly improved due to the high correlation 
between ET and LAI. Furthermore, Tesemma et al. (2015) reported that introducing LAI 
into a variable infiltration capacity hydrological model could significantly increase the 
prediction accuracy of streamflow in southeastern Australia. Since the eddy covariance 
technique simultaneously measures water and carbon fluxes, WUE derived from eddy 
flux towers can reflect interactions between water and vegetation at the ecosystem scale. 
The amount of water loss per unit of carbon gain (WUE) has been broadly used as the 
proxy for the coupling relationship between water yield and carbon sequestration. This 
coupling relationship at the site level has been upscaled to regional and even global levels 
(Xiao et al., 2013). The accuracy of the WaSSI-C model has been evaluated at a monthly 
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time-scale at 72 U.S. Geological Survey gauging stations in the United States of America 
(USA) (Sun et al., 2015b) and in the upper Zagunao watershed, a sub-catchment of the 
MinJiang watershed in China (Liu et al., 2013a, b). The simulated streamflow compared 
well to observations at the 72 U.S. Geological Survey stations, with correlation 
coefficients (R2) ranging between 0.71 and 1.0 (Sun et al., 2015b). In addition, the 
WaSSI-C model has been used as a tool to study the response of water and carbon 
processes to historical droughts (Sun et al., 2015a) and future climate change scenarios 
in the USA (Caldwell et al., 2012; Duan et al., 2016). 
The present study aims to show: (1) multi-year validation results of a revised WaSSI-C 
model in Australia; and (2) projections of future streamflow (Q) and GPP across 222 
HRSs in Australia using climate projections developed from 19 GCMs under RCP2.6, 
RCP4.5, RCP6.0 and RCP8.5. 
5.3 Methods 
5.3.1 The study area 
The 222 HRSs, spatial representatives of all hydro-climate regions in Australia, were 
selected to maximize the geographical extent of the available records (Zhang et al., 2016). 
These 222 HRSs have long-term and high-quality streamflow observations and 
experienced little land cover/use change or human disturbances. Most of these stations 
are located in coastal areas (Figure 5.1) and their upstream catchments are very good 
examples for studying the responses of water and carbon fluxes under climate change. 
The long-term mean annual streamflow of these stations ranges from 1.8 to 2389 mm yr-
1, with the areas of their upstream catchments ranging from 5 to 280,399 km2. The 222 
upstream catchments of these hydrologic reference stations are defined as HRSs in the 
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present study. Among the 222 HRSs, 90 are mainly covered by eucalyptus open forest, 
50 are predominant with shrubland and others are distributed by woody savannas and 
cropland. Annual rainfall and T of the 222 HRSs range from 311 to 3400 mm yr-1 and 6.9 
to 28.1 ◦C, respectively. More details of these HRSs are in 
http://www.bom.gov.au/water/hrs/index.shtml. 
 
Figure 5.1 Location of the 222 upstream catchments of Hydrologic Reference Stations 
(HRSs). The grey background represents eucalyptus forest. 
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5.3.2 The WaSSI-C model 
The WaSSI-C model is typically used to estimate monthly water and carbon fluxes (Sun 
et al., 2011b). The main purpose of WaSSI-C is to couple water and carbon cycles with 
WUE (ratio of GPP to ET), which is derived from global eddy flux observations. WaSSI-
C consists of two empirical sub-models, a water supply stress index model (WaSSI) and 
an empirical carbon model. The input data include vegetation type, soil parameters, 
monthly meteorological forcing and LAI; the main outputs are Q, ET, NPP and GPP. In 
the WaSSI model, PET is derived from LAI, P and reference evapotranspiration (ET0) 
(Sun et al., 2011a). Considering the constraints of soil water storage on water fluxes, ET 
is calculated using the Sacramento Soil Moisture Accounting (SAC-SMA) model 
(Anderson et al., 2006) with PET. The carbon sub-model is an eddy-flux derived WUE 
empirical carbon model estimating carbon fluxes from ET. A schematic of the WaSSI-C 
model is illustrated in Figure 5.2 and a more detailed description of the WaSSI-C model 
can be found on the model’s website 
(http://www.forestthreats.org/research/tools/WaSSI). 
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Figure 5.2 Schematic diagram of the WaSSI-C model. T, P, LAI, ET, ET0, GPP and ER 
are temperature, precipitation, leaf area index, evapotranspiration, reference 
evapotranspiration, gross primary productivity and ecosystem respiration, respectively. 
The core of the WaSSI-C model continuously runs for each time step (month). 
5.3.3 Model improvements 
Originally, the ET equation of WaSSI-C was derived from water and carbon observations 
at 13 eddy flux towers, including representatives of most land cover types (Sun 
et al., 2011b). In this study, the ET equation was updated to the latest ET model 
developed by Fang et al. (2016) with over 200 global eddy covariance flux sites, 
including 11 International Geosphere-Biosphere Programme (IGBP) land cover types, 
and spanning a wide range of climate and physiographic regions (Equation 5.1). 
ET = -4.79 + 0.75 ∗ PET + 3.29 ∗ LAI + 0.04 ∗ P (5.1) 
R2 = 0.68, p < 0.0001, RMSE = 18.1 mm/month 
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Where, ET is evapotranspiration, PET is potential evapotranspiration, LAI is leaf area 
index and P is precipitation. 
For carbon estimation, the original WUE were derived from level 4 data of FLUXNET 
LaThuile dataset (http://fluxnet.fluxdata.org/data/la-thuile-dataset/) with only 4 sites 
from Australia. Beringer et al. (2016), using the latest observations from eddy flux towers, 
found that the mean ecosystem WUE of Australian systems was systematically lower 
than the global relationship. This indicates that using the global mean WUE in Australia 
would result in significant bias for carbon estimates. In this study, 29 eddy flux sites from 
the OzFlux network, with 2035 observations, were used to derive the latest regression 
model for estimating GPP with ET, and the regression models (Table 5.1) for estimating 
NPP and ER with GPP. 
Table 5.1 Regression model parameters for estimating monthly GPP as a function of ET 
and monthly ecosystem respiration (ER) as a function of GPP. SD is the standard 
deviation. Slope, Intercept, and R2 are from linear regression models for ER and GPP. 
IGBP 
GEP - ET ER - GPP 
WUE ± SD R2 Slope ± SD Intercept ± SD R2 
CRO 1.14 ± 0.13 0.62 0.51 ± 0.06 29.28 ± 3.52 0.58 
EBF 2.33 ± 0.03 0.9 0.63 ± 0.02 33.75 ± 4.38 0.56 
ENF 1.07 ± 0.05 0.87 0.84 ± 0.04 5.72 ± 1.38 0.88 
GRA 1.79 ± 0.03 0.86 0.64 ± 0.01 23.54 ± 1.4 0.84 
OSH 1.66 ± 0.04 0.93 0.81 ± 0.02 15.65 ± 2.4 0.94 
SAV 1.52 ± 0.02 0.95 0.87 ± 0.02 6.57 ± 1.67 0.91 
WET 0.72 ± 0.03 0.93 0.12 ± 0.04 43.72 ± 3.00 0.27 
WSA 1.77 ± 0.02 0.97 0.63 ± 0.02 29.89 ± 2.6 0.84 
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5.3.4 Model parameterization 
Monthly climate data (T and P) for each catchment were aggregated from gridded climate 
data obtained from the spatial climate datasets of the Australian Water Availability 
Project (www.csiro.au/awap) at 0.05° spatial resolution for the period 1995 to 2010 
(Jones et al., 2009). For future predictions, downscaled future climate data from 19 
GCMs (Table 5.2) of the CMIP5 were derived from WorldClim at 0.05° 
(http://www.worldclim.org/cmip5_2.5m) under RCP2.6, RCP4.5, RCP6.0 and RCP8.5. 
The downscaled climate data include two periods - mid-future period 2050s (average for 
2041-2060) and the long-future period 2080s (average for 2061-2080). There are two 
principal ways, dynamical downscaling and statistical downscaling, for downscaling 
coarse climate prediction to finer scale or a specific location. Dynamical downscaling 
method uses additional data and physical process to get a much higher resolution data, 
while simulates regional climate based on the statistical relationships between large-scale 
climate features and local climate characteristics (Trzaska, et al., 2014). The uncertainty 
of GCMs might increase along with downscaling process, because those downscaling 
need add more assumptions to get a higher resolution climate prediction, which are 
difficult to quantify. In this study, WorldClim used the statistical downscaling method for 
downscaling the climate predictions. This approach uses historical relationship between large- 
scale circulation and local climate for present simulation; therefore, it requires long-term climate 
historical observations for calibration (Zorita and von Storch, 1999). 
Monthly LAI was derived from the long-term fPAR dataset of Australia, which was 
generated by Donohue et al. (2009) using the invariant-cover-triangle methodology. 
Eleven soil parameters are required by the SAC-SMA model to calculate the ET in the 
WaSSI-C model. These soil parameters were derived from the Soil Hydrological 
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Properties in two layers (A and B horizons) for the Australia dataset (McKenzie 
et al., 2000). The key soil hydrological properties used for calculating soil parameters 
include soil depth and thickness, plant available water holding capacity, saturated 
hydraulic conductivity, field capacity and wilting point. Using these soil properties, 11 
soil parameters were calculated by Anderson’s method in two layers (Anderson 
et al., 2006). Vegetation types were derived from the MODIS land-cover product 
(MCD12Q1) in a resolution of 500 m 
(https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mcd12q1). This 
dataset uses the IGBP classification scheme consisting of 17 general land-cover types 
with 11 natural vegetation types and 6 other land classes (Friedl et al., 2010; Taylor 
et al., 2012).  
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Table 5.2 List of the 19 Global Climate Models (GCMs) used in this study. 
GCM Code Country 
ACCESS1-0 AC Australia 
BCC-CSM1-1 BC China 
CCSM4 CC USA 
CESM1-CAM5-1-FV2 CE Canada 
CNRM-CM5 CN France 
GFDL-CM3 GF USA 
GFDL-ESM2G GD USA 
GISS-E2-R GS USA 
HadGEM2-AO HD UK 
HadGEM2-CC HG UK 
HadGEM2-ES HE UK 
INMCM4 IN Russia 
IPSL-CM5A-LR IP France 
MIROC-ESM-CHEM MI Japan 
MIROC-ESM MR Japan 
MIROC5 MC Japan 
MPI-ESM-LR MP Germany 
MRI-CGCM3 MG Japan 
NorESM1-M NO Norway 
 
5.3.5 Model evaluation 
The Q simulated by the WaSSI-C model was validated with long-term observations at 
the 222 HRSs gauging stations. The simulations of ET and GPP were compared to 
estimates from the CABLE model (Haverd et al., 2013). The correlation coefficient (R2), 
normalized root mean square error (RMSE/Q) and Nash-Sutcliffe Efficiency (NSE) 
(Nash and Sutcliffe, 1970) were used to evaluate the model accuracy. 
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5.4 Results 
5.4.1 Model validation 
Figure 5.3 illustrated all the evaluators for judging the performance of WaSSI-C on 
simulating Q at monthly scale from 1995 to 2010. Overall, the WaSSI-C model well 
estimated the spatial and seasonal variations of Q, with R2 > 0.75 and NSE > 0.6 for most 
of the HRSs. However, according to the slope of the regression model between simulated 
and observed Q, the WaSSI-C model underestimated Q in most of the HRSs, especially 
in inland and northern Australia. This can also be reflected by RMSE/Q, with the highest 
RMSE/Q observed in the inland catchments. A similar underestimate of Q was also found 
at annual scale (Figure 5.4a), with a slope of 0.76 for the linear regression model between 
simulated and observed Q. In addition, a larger difference between simulated and 
observed Q was observed in the high Q catchments. The bias between simulated and 
observed Q in the inland dry catchments mainly resulted from unseasonal floods which 
produced a large amount of instant Q and affected the simulation accuracy of the WaSSI-
C model. More details for the Q validation can be obtained from the supplementary 
documents showing the monthly validation for each HRS. 
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Figure 5.3 Spatial distributions of the validation criteria for monthly streamflow (Q) 
(1995-2009) over the 222 HRSs. (a) Slope coefficient (Slope) and (b) correlation 
coefficient (R2) of the linear regression (Modeled = Intercept + Slope ∗ Measured) 
equation derived from the least squares technique. (c) Nash-Sutcliffe Efficiency 
coefficients (NSE) and (d) to compare RMSE across different catchments, RMSE was 
normalized by long-term mean observed monthly Q, referred to as RMSE/Q. 
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Figure 5.4 Comparisons of multi-year mean annual (a) streamflow (mm yr-1) simulated 
by the WaSSI-C model against the observed streamflow at HRS gauges, (b) 
evapotranspiration (ET, mm yr-1) and (c) gross primary productivity (GPP, g C m-2 yr-1) 
simulated by the WaSSI-C model against estimates from the CABLE model. 
 
To evaluate the performance of the revised WaSSI-C model on estimating ET and GPP, 
the results from the CABLE model were used to indirectly validate WaSSI-C. Figure 
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5.4 (b) indicates that the simulated ET by WaSSI-C was quite consistent with that from 
CABLE, with a slope of 1.1 and R2 of 0.71 in the linear regression model. In contrast, a 
few catchments with ET ranging from 500 to 1000 mm yr-1, mainly located in Tasmania 
(Figure 5.5 (a) and (b)), showed much higher ET simulated by WaSSI-C than by CABLE. 
By contrast, GPP had a higher difference between WaSSI-C and CABLE, with a slope of 
0.74 and R2 of 0.54. The GPP simulated by WaSSI-C was higher than that by the CABLE 
model in low productivity catchments but lower in the high productivity catchments. The 
catchments with the largest difference of GPP between WaSSI-C and CABLE were 
located in southeastern Australia (Figure 5.5 (c) and (d)). Long-term mean annual ET and 
GPP of these HRSs from 1995 to 2015 were 840 mm yr-1 and 1521 g C m-2 yr-1, 
respectively. Annual ET generally showed a similar spatial pattern in GPP (Figure 5.5). 
There were explicit gradients of ET and GPP from inland arid zones to coastal temperate 
and tropical zones. Specifically, ET ranged from around 250 to 1300 mm yr-1 from the 
middle east inland arid zones to the eastern and southwestern temperate and northern 
tropical coastal zones, while GPP ranged from around 200 to 3000 g C m-2 yr-1. The 
highest ET was observed in some catchments along the northern coastal areas, while the 
highest GPP was found in the temperate forest-dominated catchments located in 
southwestern and southeastern Australia. 
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Figure 5.5 Spatial simulated multi-year mean annual ((a) and (b)) evapotranspiration (ET, 
mm yr-1) and ((c) and (d)) gross primary productivity (GPP, g C m-2 yr-1) by the WaSSI-
C model and the CABLE model. 
 
5.4.2 Impacts of climate change on water and carbon fluxes 
Compared to the historical period of 1995 to 2015, P was predicted to decrease across 
those 222 HRSs and T was generally expected to increase by 2060 (Figure 5.6 a and b). 
The least increase of T was predicted under RCP2.6, by up to 0.78 °C, while the largest 
increase was predicted under RCP8.5 where an average of 1.5 °C was expected. A similar 
increase was obtained under RCP4.5 and RCP 6.0. However, under RCP4.5, the 
GCM CE tended to get an extremely high increase of T by 2.5 °C, which was similar to 
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that under RCP8.5. By contrast, the prediction in P was varied, with the highest increase 
of 10 % and the most decline of -15% under some GCMs. For different RCPs, the 
predicted change in P are quite similar, by an average of -5% under all RCPs by 2060 
(Figure 5.6a). Taking RCP4.5 as an example (Figure 5.7), P was estimated to decline by 
up to 15% in southwestern and northern Australia by 2060, whereas an increasing trend 
of around 15% was expected in southeast Australia. The highest decrease was expected 
to occur in inland catchments, with a decline of more than 15%. A similar pattern of P 
was estimated to occur by 2080 (Figure 5.8a and 5.9). However, T was anticipated to 
increase more by 2080 than by 2060, especially with the prediction under RCP8.5 that an 
average of 2.5 °C was reached. Taking RCP4.5 as an example in spatial analysis (Figure 
5.7), the expected increase of T was generally higher in the north than in the south by 
2060. A similar spatial pattern was anticipated by 2080 under RCP4.5 (Figure 5.9). 
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Figure 5.6 Changes in the mean annual (a) precipitation (P, %), (b) temperature (T, °C), 
(c) streamflow (Q, %), and (d) gross primary productivity (GPP, %) over the 222 HRSs 
from the baseline (1995-2015) to the future period (2040-2060) under RCP2.6, RCP4.5, 
RCP6.0 and RCP8.5. The box-whisker plots display the area-averaged changes projected 
from different GCMs for each RCP scenario. The detailed information for each GCM is 
in Table 5.2. 
5.4 Results
 
157 
 
 
Figure 5.7 Changes in mean annual (a) precipitation (P, %), (b) streamflow (Q, %), (c) 
temperature (T, %), and (d) gross primary productivity (GPP, %) from the baseline (1995-
2015) to the future period (2040-2060) under RCP4.5 in the 222 HRSs. The blue and red 
dots indicate positive and negative changes derived from the multi-model mean 
simulations of the 19 GCMs in each HRS, respectively. 
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Figure 5.8 Changes in the mean annual (a) precipitation (P, %), (b) temperature (T, °C), 
(c) streamflow (Q, %), and (d) gross primary productivity (GPP, %) over the 222 HRSs 
from the baseline (1995-2015) to the future period (2061-2080) under RCP2.6, RCP4.5, 
RCP6.0 and RCP8.5. The box-whisker plots display the area-averaged changes projected 
from different GCMs for each RCP scenario. The detailed information for each GCM is 
in Table 5.2. 
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Figure 5.9 Changes in multi-year mean annual (a) precipitation (P, %), (b) streamflow 
(Q, %), (c) temperature (T, %), and (d) gross primary productivity (GPP, %) from the 
baseline (1995-2015) to the future period (2060-2080) under RCP4.5 scenarios in the 222 
HRSs. The blue and red dots indicate positive and negative changes derived from the 
multi-model mean simulations of the 19 GCMs in each HRS, respectively. 
As for Q, a decreasing trend was estimated under all RCPs by 2060 (Figure 5.6b) and by 
2080 (Figure 5.8b) across those 222 HRSs. By 2060, the multi-model average changes of 
Q would be from -23% under RCP2.6 to -32% under RCP8.5. Meanwhile, the changes 
of Q, in average, were similar among the RCPs, but differ more dramatically among 
GCMs under RCP4.5 and RCP8.5 than under RCP2.6 and RCP6.0. By 2080, a gradually 
increasing decline of Q was assessed from under RCP2.6 (-22%) to under RCP8.5 (-45%). 
These results indicated that in most of the HRSs Q was going to decline in both the short- 
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and the long-term period in the future. Spatially, catchments located in southwestern and 
northwestern Australia were more likely to suffer a dramatic decline of Q, while those 
located in southeastern Australia and especially in Tasmania would experience a 
moderate decrease. On the contrary, the increase of Q was predicted to occur in some 
catchments in southeastern Australia. Although P was expected to decline in most of these 
GCMs under all RCPs, the runoff coefficient (Q/P) was estimated to decline as Q (Figure 
5.10 (a) and (b)). The average decrease of Q/P across 19 GCMs was expected from 20% 
to 28% under RCP2.6 by 2060, and further to 37.5% under RCP8.5 by 2080. The 
variation of Q/P was expected to decrease from the 2050s to 2080s due to a greater 
increase in ET than in P in the future. Apart from a decline of water, the dryness index 
(PET/P), appeared to increase in the future. The increase of PET/P was expected to be 
about 15% under RCP8.5 by 2060. Nevertheless, a severe decrease (about 21%) of PET/P 
under RCP8.5 may occur by 2080. According to the rising PET/P, those HRSs may 
undergo more severe droughts. 
GPP was predicted to increase over most of the HRSs in eastern Australia, with the 
catchments in southeast Australia increasing most (over 20%) by 2080 under RCP4.5 
(Figure 5.9). A decreasing GPP was expected in southwestern, inland (arid) and northern 
Australia, with the largest decrease in the inland (< -10%). The magnitude of overall 
change in GPP varied significantly among the 19 GCMs (Figure 5.6 and 5.8). Overall 
GPP was expected to decrease across 222 HRSs. The highest average decline of GPP 
among the 19 GCMs was expected to occur under RCP4.5 by 2060 (-3 %), while the 
lowest was most likely to happen under RCP8.5 by 2080 (-5%). 
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Figure 5.10 Changes in the (a, c) runoff coefficient (Q/P, %) and (b, d) dryness index 
(PET/P, %) over the 222 HRSs from the baseline (1995-2015) to the future period (2040-
2060) (2050s) and (2060-2080) (2080s) under RCP2.6, RCP4.5, RCP6.0 and RCP8.5. 
The box-whisker plots display the area-averaged changes projected from different GCMs 
for each RCP scenario. The detailed information for each GCM is in Table 5.2. 
5.5 Discussion 
5.5.1 Future projections 
In comparison with the baseline period of 1995 to 2015, southwestern Australia, northern 
Australia and Tasmania, where P increased from 1982 to 2015, were estimated to suffer 
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a decline in P by 2060. On the contrary, southeastern Australia where P significantly 
decreased from 1982 to 2015, was predicted to have more P in the 2050s than the period 
1995 to 2015. However, the dryness index is expected to significantly increase in the 
2050s and 2080s in comparison with the baseline period of 1995 to 2015. This 
observation suggested that southwestern Australia is expected to have more droughts than 
before, while the dry condition in southeastern Australia would not be more severe than 
the “big dry” period of 2001-2009 (Van Dijk et al., 2013). T is projected to increase for 
the whole of Australia, with a greater rise in the north than the south. The warming and 
drying trend in northern Australia led to the increase of the dryness index, and the decline 
of streamflow and carbon sequestration. However, a divergence in the responses of water 
yield and GPP to climate change existed between southwestern and southeastern 
Australia. For HRSs located in southwestern Australia, an average of less than 15% 
decline of P was expected, which may result in about 30% - 50% decline of Q and about 
10% decrease of GPP. By contrast, for HRSs located in southeastern Australia, P was 
projected to increase about 15%, whereas Q tended to decrease more than 50% in two-
thirds of catchments, and GPP would have an increase more than 10% by 2060. By the 
late-future period, similar decreasing trends of P and Q were expected in southwestern 
Australia, but more catchments were predicted to experience a dramatic decline of Q 
(> 50%). The increase of GPP to a lesser extent than that in the near-future period. A 
similar prediction was produced by Silberstein et al. (2012) in southwestern Australia, 
based on 15 GCMs from IPCC AR4. Those authors derived a median projection of an 8% 
decline in P, which would result in a 24% decline in Q, with an inter-decile range (10th 
to 90th percentile) (wet to dry) of a 2 - 14% reduction in P and an 2 - 42% reduction in 
Q. As for southeastern Australia, Teng et al. (2012) found that this area was most likely 
to be drier and would cause a larger decline in Q by using 15 GCMs from CMIP3 relative 
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to the period of 1980 to 1999. Due to the different baseline periods, our result seems 
opposite to previous results regarding to the rainfall change in the southeastern Australia; 
however, if the period of 1980–1999 was chosen as the baseline period, the result of 
rainfall change would be the same. So there is no conflict between this study and some 
previous studies. 
Our study demonstrated that a 10% increase of the dryness index is expected to take place 
in southwestern Australia relative to the period of 1995 to 2015, while an opposite wetter 
trend is projected in southeastern Australia (around 10% decline in the dryness index). 
The drier trend in southwestern Australia is projected to result in a significant decline of 
both Q/P and GPP, while in southeastern Australia the wetter trend is predicted to result 
in a significant decline of Q/P but an increase of GPP. A long-term increase in vegetation 
(Smettem et al., 2013) and drought conditions has resulted in the significant decline of 
streamflow and groundwater levels (Kinal and Stoneman, 2012), therefore the predicted 
drying future would lead to a more severe decrease in water yield and carbon 
sequestration in southwestern Australia. More forest in southwestern Australia may suffer 
a water deficit and risk of mortality in the future. Some forest management, such as 
thinning, would be needed to mitigate the high drought risk in southwestern Australia 
(Vose et al., 2016). The divergent changes of GPP and Q were likely related to different 
climate changes. The increase of GPP in southeastern Australia may result from both the 
rising CO2 (De Kauwe et al., 2013; Prior et al., 2011) and the increase of P, which led to 
higher ET. Consistently, Chen et al. (2013) found CO2 tended to increase WUE in forest 
and water-limited areas, whereas the increase would not necessarily result in increased Q 
because elevated CO2 also stimulated vegetation growth and increased ET. As the WUE 
was fixed all the time for each vegetation type, the increase of WUE might be 
underestimated in southwestern Australia by overestimating the decrease of GPP, but 
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might be overestimated in southeastern Australia by overestimating the increase of GPP. 
In addition, due to a long-term water shortage, the increase of P cannot supply the demand 
of ET and recharge groundwater, therefore, the catchments which demonstrated a 
dramatic decline of streamflow from 1951 to 2010 (Zhang et al., 2016), showed a further 
declining trend of water yield by 2060. 
5.5.2 Uncertainties of model simulations and predictions 
For Q simulation, the SMA-SMC model was used in the WaSSI-C model to simulate the 
soil water content. The good performance of WaSSI-C model suggested that the SMA-
SMC model worked quite well in Australia. Similarly, Silberstein et al. (2012) found that 
the SAC-CMA model was the best of the five selected models for estimating Q in 74 of 
the 106 catchments located in southwestern Australia. However, large biases could not 
be overcome in this study for catchments located in the inland arid area and some high Q 
catchments in southeastern Australia. This indicated that the WaSSI-C model may not 
well adapt to the very dry areas with shallow soils and extremely low, but variable, annual 
rainfall. A similar underestimate of the WaSSI-C model was also reported by Sun 
et al. (2015b) at 72 gauges in the USA. Except for the underestimate of Q, ET also showed 
differences between the WaSSI-C and the CABLE models in mountainous parts of 
Tasmania. Actually, the CABLE model exhibited underestimations of ET in these areas 
(King et al., 2011). Meanwhile, other factors, such as input data quality, catchment 
delineation and soil water storage changes, may also affect model accuracy. 
For GPP estimates, a great difference was found between the WaSSI-C model and the 
CABLE model, indicating that there were considerable uncertainties in estimating GPP 
by the two methods. There are four main reasons for the large difference between the 
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WaSSI-C and the CABLE models. Firstly, although the CABLE model had been 
calibrated using eddy flux data from 14 OzFlux sites, there was still a poor correlation 
between simulated and observed annual carbon estimation (R2 = 0.1 for NPP validation), 
which may result from the errors of the CABLE model or the flux measurements 
(Trudinger et al., 2016). Secondly, due to the linear relationship between ET and GPP 
used in the WaSSI-C model, the difference of GPP would be generated from the 
difference in ET between the two models (Figure 5.4 and 5.5). Moreover, GPP was 
estimated based on ET with fixed WUE for each vegetation type, ignoring the error of 
vegetation classification, however the actual WUE was different for the same vegetation 
type located in different areas. It has been found that WUE was closely related to VPD 
and soil water content in Australia (Beringer et al., 2016) and the stand deviation for 
WUE can be up to 0.72 g C kg-1 H2O. Finally, the modelling unit of the WaSSI-C model 
was the catchment, while the CABLE model ran on a 5 km grid cell, resulting in a large 
mismatch between these two datasets. Despite a high-resolution land cover product (500 
m MODIS land cover map) was used in this study, the proportion of each vegetation type, 
used by the WaSSI-C model for a single catchment, could not reflect the spatial variation 
of climate, soil and vegetation, which may result in the difference between these two 
models. 
The variable magnitudes and directions of future climate change projected by various 
GCMs indicated the significant uncertainties in the state-of-art climate models. The 
biases of the chosen 19 GCMs may affect the downscaling of monthly meteorological 
variables and further affect the simulated water and carbon fluxes. For instance, the 
estimated change of P by 2060 for the 19 GCMs ranged from -6% to +12% under RCP8.5, 
which was twice the average change of P (7%) (Figure 5.6), while the corresponding 
ranges of Q and GPP were -60% - 0% and 0% - 15%, respectively. Furthermore, 
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predictions for the late-future period were more variable than those for the near-future 
period (Figure 5.8), implying the difficulty for these GCMs in predicting long-term 
climate changes. Indeed, the uncertainty from the different GCMs may be even larger 
than from the ecohydrology models (Teng et al., 2012). Apart from the variations of 
different GCMs, the uncertainty for each GCM should also be considered. Fu et al. (2013) 
demonstrated that the GCMs showed a higher error rate for estimating P than T, with a 
bias from -50% to +40% for mean annual P in southeastern Australia and 12 out of 25 
GCMs generating a negative correlation coefficient of monthly P. Similarly, Barria 
et al. (2015) showed that the uncertainty of predicting Q by the HadCM3L model in 
southwestern Australia was larger than within-model uncertainties of Q. Downscaling 
methods for these GCMs also contributed to the uncertainty, and they should thus be 
cautiously interpreted (Chen et al., 2011; Evans and McCabe, 2013). 
5.6 Conclusions 
In the present study, a revised WaSSI-C model was validated and applied in Australia to 
predict the responses of water and carbon fluxes under future climate change scenarios. 
The validation results suggested that the revised WaSSI-C had a high accuracy for 
estimating water yield but there were still some uncertainties for carbon simulation. All 
RCPs indicated there would be a warming in Australia, but the predictions of P showed 
high uncertainties. On average, southeastern Australia was expected to be wetter 
compared to the baseline of 1995 to 2015, while other areas would be drier in the future. 
The different climate changes in the southeast and other areas of Australia were estimated 
to have different effects on water and carbon fluxes. The hotter and drier climate in 
southwestern and northern Australia was expected to decrease water yield and carbon 
sequestration for all RCPs, on the contrary, the hotter and wetter climate was projected 
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to increase carbon sequestration but decrease water yield in southeastern Australia. 
Overall, there would be a divergence of water yield and carbon sequestration in 
Australian ecosystems. 
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Chapter 6. Parallelization of a distributed ecohydrological 
model - dWaSSI-C 
* 
  
                                                 
* This Chapter has been published at "Environmental Modelling & Software".  
Liu, N., Shaikh, M. A., Kala, J., Harper, R. J., Dell, B., Liu, S., & Sun, G. (2018). Parallelization of a dis-
tributed ecohydrological model. Environmental Modelling & Software, 101, 51-63. 
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6.1 Abstract 
WaSSI-C is an ecohydrological model which couples water and carbon cycles with water 
use efficiency (WUE) derived from global eddy flux observations. However, a significant 
limitation of the WaSSI-C model is that it only runs serially. High resolution simulations 
at a large scale are therefore computationally expensive and cause a run-time memory 
burden. Using distributed (MPI) and shared (OpenMP) memory parallelism techniques, 
we revised the original model as dWaSSI-C. We showed that using MPI was effective in 
reducing the computational run-time and memory use. Two experiments were carried out 
to simulate water and carbon fluxes over the Australian continent to test the sensitivity of 
the parallelized model to input data-sets of different spatial resolutions, as well as to WUE 
parameters for different vegetation types. These simulations were completed within 
minutes using dWaSSI-C, whereas they would not have been possible with the serial 
version. The dWaSSI-C model was able to simulate the seasonal dynamics of gross 
ecosystem productivity (GEP) reasonably well when compared to observations at four 
eddy flux sites. Sensitivity analysis showed that simulated GEP was more sensitive to 
WUE during the summer compared to winter in Australia, and woody savannas and 
grasslands showed higher sensitivity than evergreen broadleaf forests and shrublands. 
Although our results are model-specific, the parallelization approach can be adopted in 
other similar ecosystem models for large scale applications. 
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6.2 Introduction 
Ecohydrological models describe the interactions between water, vegetation and climate 
by coupling multiple hydrological and ecological processes. They are very useful tools in 
assisting land-managers and policy-makers to simulate ‘what-if’ scenarios, such as the 
effects of projected climate change on water resources and the terrestrial carbon cycle. 
Process-based distributed ecohydrological models are commonly used by 
ecohydrologists, as they not only achieve higher accuracy than empirical models (Chen 
et al., 2015), but also couple the terrestrial water, energy and biogeochemical cycles. 
Additionally, process-based models allow for investigations over much larger spatial and 
temporal resolutions as compared to traditional field studies (Fatichi et al., 2016). 
Remote sensing data are increasingly used as inputs to ecohydrological models to achieve 
more accurate simulations in comparison with models based solely on mathematical 
theory (Liu et al., 1997; Cao and Woodward, 1998; Sun et al., 2011b). However, without 
careful evaluation and quality control, high resolution remote sensing data could induce 
systematic biases in ecohydrological simulations (Zhao et al., 2005). Eddy covariance 
flux towers, which provide continuous measurements of ecosystem level fluxes of water 
and carbon (Baldocchi et al., 2001), have been used for evaluating remote sensing data 
and ecohydrology models (Stoy et al., 2006; Sjostrom et al., 2013; Raczka et al., 2013; 
Zhou et al., 2014). As the eddy covariance technique simultaneously measures water and 
carbon fluxes, it reflects interactions between water and vegetation at the ecosystem scale, 
and is therefore widely used to analyze changes in ecosystem carbon fluxes (Xiao et al., 
2012) and water use efficiency (WUE) (Xiao et al., 2013). 
The Water Supply Stress Index and Carbon model (WaSSI-C), developed by Sun et al. 
(2011b), is an example of ecohydrological models which uses both remote sensing and 
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eddy flux observations to simulate the coupling of water and carbon fluxes. The accuracy 
of the WaSSI-C model has been evaluated at a monthly time-scale at 72 United States 
Geological Survey (USGS) gauging stations (Sun et al., 2015) and in the upper Zagunao 
watershed, a sub-catchment of the MinJiang watershed, in China (Liu et al., 2013a, b). 
Comparisons of the simulated streamflow against observations at the 72 USGS stations 
showed good overall model performance, with correlation coefficients ranging from 0.71 
to 1.0 (Sun et al., 2015). With state-of-the-art remote sensing technologies, 
ecohydrological models, such as WaSSI-C driven with remote sensing data, can simulate 
water and carbon processes at a very high resolution globally. Such high temporal and 
spatial resolution simulations are needed to investigate the interactions between the water 
and carbon cycles and for ecosystem management, both at small and large scales (Wood 
et al., 2011). 
State-of-the-art remote sensing sensors have spatial resolutions ranging from centimeters 
on unmanned aerial vehicle platforms, to meters on satellite platforms, which provide a 
great opportunity for understanding vegetation dynamics. Application of such data would 
have immediate benefits. For example, hyper-resolution modeling at 100 m or finer 
resolutions would allow for much better representation of the effects of spatial 
heterogeneity of topography, soils and vegetation cover on hydrological dynamics (Wood 
et al., 2011). This in turn will allow for a better representation of processes that are poorly 
represented in the current generation of models, such as slope and aspect effects on 
surface incoming and reflected solar radiation, and consequent effects on snowmelt, soil 
moisture redistribution and evapotranspiration. However, processing hyper-resolution 
modeling implies large data input into the resident memory of a Central Processing Unit 
(CPU) followed by computation and consequent writing of the results to disk. Thus, data 
movement is an obvious bottleneck in this process. Additionally, advanced computational 
6.2 Introduction
 
173 
 
algorithms are needed to process satellite and other datasets via computationally 
demanding data assimilation procedures. Making use of multiple cores on a processor 
and distributing the computational domain to map onto multiple processors can be a 
prospective scalable solution to these issues. 
The models of Kollet et al. (2010) and Le et al. (2015) perform each simulation unit 
independently, and hence the model computational domain can easily be broken down 
into smaller individual segments as there is no dynamic interaction. However, for models 
including dynamic interaction with inter-connected simulation units, a dynamic 
parallelization method is required. In order to parallelize a distributed model with inter-
connected simulation units, Li et al. (2011) developed a dynamic parallelization method 
to balance computation load, resulting in higher speedup and efficiency of parallel 
computing. Zhang et al. (2016) further revised this dynamic parallelization method for 
hydrological model calibration using high-performance computing (HPC) systems. 
Nonetheless, at present, massively parallel computational methods are not often 
implemented within ecohydrological models. With the increasing availability of high 
resolution remote sensing products as well as high performance computers, there is an 
opportunity to improve the accuracy of ecohydrological models and reduce their 
computing time. 
The WasSSI-C model is a useful ecohydrological model, but a major limitation is that the 
model does not operate in parallel. Continental-scale simulations carried out at a pixel 
scale require large computational resources to generate output and post-processing. 
Therefore, the aim of this study was to develop a distributed version of the model 
(dWaSSI-C), capable of using high spatial and temporal resolution remote sensing input 
data. Continental scale simulations were carried out over Australia to test the sensitivity 
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of water and carbon estimates to key model parameters. Specifically, the sensitivity of 
gross ecosystem production (GEP) to WUE was investigated for each vegetation type, 
using the new parallelized model. 
6.3 Materials and methods 
6.3.1 WaSSI-C model 
The WaSSI-C model is an ecohydrological model developed by Sun et al. (2011b) and 
typically used to simulate monthly fluxes. The main purpose of WaSSI-C is to couple the 
water and carbon cycles with WUE (a ratio of GEP to Evapotranspiration (ET)) which is 
derived from global eddy flux observations. WaSSI-C consists of two empirical sub-
models - a water supply stress index model and an empirical carbon model. The input 
data include vegetation type, soil parameters, monthly mean meteorological forcing and 
remote sensed leaf area index (LAI); and the main outputs are runoff, ET, ecosystem 
respiration (ER) and GEP. 
Potential evapotranspiration (PET) is derived from LAI, precipitation (P) and reference 
evapotranspiration (ET0) (Sun et al., 2011a). In order to consider the effect of actual soil 
water storage on water fluxes, ET is calculated using the Sacramento soil moisture 
accounting (SAC-SMA) model (Anderson et al., 2006) with PET. The Carbon sub-model 
is an eddy-flux derived WUE empirical carbon model, which calculates carbon fluxes 
from ET and WUE. A schematic of the WaSSI-C model is illustrated in Figure 6.1 and a 
more detailed description of the WaSSI-C model can be found on the model's website 
(http://www.forestthreats.org/research/tools/WaSSI). 
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6.3.1.1 Monthly mean meteorological forcing 
To simulate carbon and water fluxes over the Australian continent, monthly gridded 
rainfall and temperature data were obtained from the Ecosystem Modeling and Scaling 
Infrastructure (eMAST) ANUClimate v1.0 dataset at 0.01° spatial resolution from 1970 
to 2013 (Hutchinson, 2014). The daily rainfall data (in situ) used to generate the gridded 
product are from the Australian Bureau of Meteorology (BoM) network of weather 
stations. ANUClimate integrates a new approach to interpolate the station data to a 
regular grid using an improved background anomaly interpolation method and a new 
“proximity to the coast” modifier (Hutchinson, 2014). 
   
Figure 6.1 Schematic diagram of the WaSSI-C model. T, P, LAI, ET, ET0, GEP and ER 
are temperature, precipitation, leaf area index, evapotranspiration, reference 
evapotranspiration, gross ecosystem productivity and ecosystem respiration, respectively. 
The core of the WaSSI-C model runs continuously for each time step (month). 
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6.3.1.2 Monthly mean leaf area index (LAI) 
The 0.01° gridded monthly LAI for this study were generated by the Land-atmosphere 
interaction group at Beijing Normal University (http://globalchange.bnu.edu.cn/research-
/lai/) (Yuan et al., 2011). These data were originally obtained from Moderate resolution 
imaging spectroradiometer (MODIS) LAI products, and then were improved by a two-
step integrated method. In the first step, missing and poor quality data were optimized 
with a modified temporal spatial filter and MODIS LAI's quality control information. 
This database was then fitted by TIMESAT (a software package for analysing time-series 
of satellite sensor data) using the Savitzky-Golay smoothing model to further reduce the 
potential noise (Jonsson and Eklundh, 2004). The maximum rather than the mean of 8-
day's LAI in each month was used as the monthly LAI value to omit the effect of potential 
noise and clouds (Zhao et al., 2005). 
6.3.1.3 Static soil and vegetation data 
Gridded soil properties at 0.01° resolution were derived from the soil hydrological 
properties for the Australia dataset (McKenzie et al., 2000). This dataset provides 
Australia's soil hydrological properties for A and B horizons, which are derived from soil 
mapping based on the Atlas of Australia Soils. The key soil hydrological properties used 
by WaSSI-C include the soil depth, soil plant available water holding capacity, soil 
thickness, saturated hydraulic conductivity, field capacity, wilting point and plant 
available water holding capacity. Using these soil properties, 11 soil parameters for both 
A and B horizons were developed using Anderson's method (Anderson et al., 2006). 
These 11 parameters are required by the SAC-SMA model to calculate the ET in WaSSI-
C. 
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Vegetation types were derived from the MODIS land-cover product (MCD12Q1) which 
has a resolution of 500 m (https://lpdaac.usgs.gov/dataset_discovery/modis/modis_-
products_table/mcd12q1). This dataset uses the International Geosphere-Biosphere 
Programme (IGBP) classification scheme which consists of 17 general land-cover types, 
including 11 natural vegetation classes and 6 other land classes (Friedl et al., 2010; Taylor 
et al., 2012). In this study, the original 500 m MODIS land cover data were interpolated 
to 50, 20, 10, 5 and 1 km using the “Majority” resample algorithm (dominant vegetation 
type) (http://pro.arcgis.com/en/pro-app/tool-reference/data-management/resample.htm) 
for running simulations at different resolutions in order to test the performance of 
parallelization method to different resolutions (described in more detail in Section 2.3). 
6.3.2 Framework of dWaSSI-C 
The basic computing unit of the original WaSSI-C model is a discrete watershed (Sun 
et al., 2011b). By using averaged climatic variables, remote sensing and other land 
surface properties for each watershed, the original WaSSI-C model provides watershed 
scale water and carbon estimates. However, each watershed generally consists of various 
vegetation types and soil properties, therefore a study at the watershed scale cannot 
provide enough spatial information on water and carbon processes. To resolve this issue, 
the parallelized and distributed version of WaSSI-C, referred to as dWaSSI-C from here 
onwards, was developed to simulate processes at the pixel scale. 
The choice of pixel resolution is one of the key considerations when running the model. 
This is illustrated in Figure 6.2 showing the distribution of vegetation types across 
Australia at 0.5*0.5 km resolution versus 50*50 km resolution. At coarser resolutions, 
areas close to the coastlines are more likely to be missclassified as compared to higher 
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resolutions, which illustrates the need for hyper-resolution modeling. However, a key 
limitation is that the input data size for the WaSSI-C model increases exponentially with 
the increase in resolution of gridded input data as shown in Figure 6.3. For example, the 
input dataset size increased from 50 MB to 850 GB when the pixel size was reduced from 
50*50 km to 0.5*0.5 km, while the number of grid points increased from 5644 to 
53,971,840. The increasing input data size makes this a memory-bound problem, which 
can be handled by splitting the input data into smaller chunks to fit into the available main 
memory of a computing node. 
 
Figure 6.2 Distribution of vegetation types (MCD12Q1) across the Australian continent 
at (a) 0.5 * 0.5 km and (b) 50 * 50 km resolution. The dots on Panel (a) shows the locations 
of the eddy flux sites used for model evaluation. 
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Figure 6.3 Number of grid points and input data size as a function of resolution. 
6.3.2.1 Computing infrastructure 
Simulations were executed on the Pawsey Supercomputing Centre's computers 
called Magnus and Zeus. Magnus is a Cray XC40 series supercomputer using Intel 
Xeon E5-2690 v3 “Haswell” processors (2.6 GHz), with a total of 1488 nodes with 24 
CPUs per node providing a total of 35,712 processor cores. Each compute node has access 
to 64 GB of memory. Zeus is an SGI cluster with compute nodes having Intel Xeon E5-
E5-2670 v2 “Ivybridge” processor (2.5 GHz), with 20 cores, and RAM ranging from 128 
to 512 GB per node. Magnus is designed for parallel applications whereas Zeus is 
designed for high memory serial applications. To identify the bottlenecks in the code, 
serial simulations at different resolutions were carried out on Zeus so as to make use of 
the larger amount of memory (described in more detail in the next sub-section). Based on 
these results, parallel simulations were then carried out using Magnus, to take advantage 
of the higher number of compute nodes (described in more detail in Section 6.3.2.3). 
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6.3.2.2 Identifying the bottlenecks 
Before parallelizing a model, it is important to first identify the bottlenecks or hotspots 
where most of the compute time is spent in sequential execution of the code. This is 
illustrated in Table 6.1 showing the breakdown of time spent in different activities by the 
compute resource while running a dWaSSI-C simulation at 5 km resolution on a single 
core on Zeus. Table 6.1 shows that most of the time spent by dWaSSI-C was executing 
CPU instructions. Most of the time in CPU was spent fetching data from main memory 
upon encountering cache misses. Improving data structures could improve this metric but 
the code is clearly memory bandwidth limited. 
Table 6.1 Runtime profiling of single threaded simulations at 10 km and 5 km resolution 
with dWaSSI-C model operated on the Zeus cluster. 
Profiling processes Resolution 
10 km 5 km 
Total time to solution 633.4 s 783.7 s 
 
CPU Instructions  96% 95% 
 Compute 14.5% 16.5% 
 Memory access 77.2% 75% 
 Branch prediction fails 8.3% 8.5% 
File I/O  4% 5% 
Runtime memory usage 29.4 GB 41.6 GB 
 
Table 6.2 shows the variation in runtime memory usage with increasing resolution, and 
illustrates an inherent limitation of the model with respect to how large the input datasets 
can be ingested when running the model on a single core. The memory requirement for 
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coarser to finer scales (50–0.5 km) grows exponentially. Scaling up the memory by 
adding more RAM on the same node may not be a viable option since the code is memory 
bandwidth limited. Additionally, such large shared memory machines are expensive and 
thus rare. Scaling out, using distributed memory architecture, is a plausible solution as it 
provides two benefits, a) runtime memory can be extended to many nodes, and b) the 
bandwidth limitation can be hidden by optimizing the chunk of the grid running on each 
node. 
Table 6.2 Runtime memory usage of single-threaded dWaSSI-C simulations at 20, 10, 5 
and 1 km resolution on the Zeus cluster. We note that the 1 km resolution simulation 
failed due to insufficient memory and hence last reported metric is presented. 
Resolution  Runtime Memory Usage 
20 km  8.74 GB 
10 km  29.40 GB 
5 km  41.60 GB 
1 km  > 431.26 GB 
 
Table 6.3 breaks down the time spent in executing the CPU instructions 
in Table 6.1 which is 95% for the 5 km resolution simulation. Almost all of the time spent 
by the CPU is in the subroutine waterbal, which spends 45% of the time computing 
instructions in the local scope of the subroutine and the 38% in calling other subroutines. 
Most of the instructions are simple arithmetic operations but the amount of memory 
access calls by the CPU from Table 6.1 suggests that the data locality could be improved. 
Data locality/cache reuse (or lack of it) is a systemic problem in the code and it would 
therefore be advantageous to investigate the use of more CPUs. We decomposed the grid 
into subgrids/subdomains and allow either threads or independent processes to processes 
these subgrids/subdomains. 
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Table 6.3 Breakdown of CPU time spent executing various instructions. Only the most 
expensive subroutines are listed. 
Subroutine Self % Child % Instruction/Subroutine 
wassicbzb 0 100 PROGRAM WaSSICBZB 
waterbal 44.6 37.8 CALL WATERBAL(ICELL,..., MNDAY)... 
 8.9 0 RUNLAND(I,J,M,DAY)=SURFRO+PBF+SBF+INF 
 8.5 0 GEPLAND(I,J,M,DAY)=GEP(J,M) 
 7.5 0 ETLAND(I,J,M,DAY)=ET(J,M) 
 2.7 0 (UZTWM(I)+LZTWM(I))) 
 2.2 0 ELSEIF (LADUSE(I).EQ.8 ....)THEN 
 2.1 0 ETUZTW(J,M)=ET(J,M)*(UZTWC/UZTWM(I)) 
 1.8 0 220 IF(UZTWC...) GO TO 225 
   113 others called by waterbal 
6.3.2.3 Model parallelization 
The basic computing unit of dWaSSI-C is the pixel and there is no interaction between 
pixels. This implies that each pixel can be computed/processed independently. For each 
pixel on the 2D modeling domain, the input and output data can be seen as an n-
dimensional array. The first two dimensions of this n-dimensional array are the 
timestamps which include the year and the month. As the simulation for each pixel is 
temporally successive, domain decomposition is conducted to reduce computational time. 
Thus the domain containing all the pixels can be split into N subdomains. Two means of 
parallelism, a shared memory and a distributed memory model, were investigated to 
explore their respective advantages and limitations. 
To exploit the multi-core architecture of modern day chips, a shared memory model was 
implemented using OpenMP, which is an application programming interface for 
implementing multi-platform shared memory programming models. The model splits the 
domain into N subdomains and distributes the work to OpenMP threads. The advantage 
of using this model is that it is able to utilize all the cores on a multi-core chip. All the 
threads can access the global memory address space in a thread-safe manner. The 
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intermediate results are buffered and written by the master thread at the end. It is 
important to highlight the inherent limitation of the shared memory model that the 
maximum number threads are limited by the physical core count of the processor and 
how many logical CPUs each core can present. The shared memory approach can have 
scalability issues when it comes to codes with frequent memory access, as is the case here. 
To address the inherent limitations of OpenMP, i.e. the shared memory approach, a 
distributed memory model was implemented as an “embarrassingly parallel” model using 
Message Passing Interface (MPI), leveraging the independent computing for each pixel 
in this study. In parallel computing, an embarrassingly parallel workload is one where the 
problem domain can be decomposed into subdomains which can then run independently 
on compute units with minimal need of synchronization by communicating between them. 
The gridded domain was segmented in N subdomains and distributed to p MPI-processes. 
All MPI-processes get a subdomain of equal size if the total girds N are exactly divisible 
by the total number of MPI-processes p. If not, then the last MPI-process gets the 
remainder subdomain additionally. Unlike OpenMP, each MPI process has its local 
memory address space and can only communicate to another MPI process via an MPI 
library call. When these subdomains are distributed to an MPI-process, each MPI-process 
may use OpenMP threads and employ the shared memory model, as discussed above, as 
a second level of parallelism. Thus, the shared memory model using OpenMP can either 
be used as standalone parallel model if running on a single multicore node or as a hybrid 
model with MPI, as illustrated in Figure 6.4 showing the framework parallelizing 
dWaSSI. 
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Figure 6.4 Schematic diagram of the parallelization methods for the dWaSSI model (the 
core of WaSSI-C is shown in Figure 6.1). The domain can be divided into n sub-domains 
and evenly passed to p Message Passing Interface (MPI) tasks. With the hybrid approach, 
there can be m (m >= 1) OpenMP threads for each MPI task. 
6.3.2.4 I/O optimization 
Reading and writing large datasets to the disk must keep up to avoid I/O becoming a 
bottleneck. In the case of shared memory parallelism where the dWaSSI-C runs on a 
single shared memory node with multiple OpenMP threads, file I/O is handled by a single 
thread. This is because disk I/O is not a thread safe operation. Failing to scale I/O 
performance with the improving compute performance would make the code I/O 
bound (this is discussed in more detail in Section 6.3.1). 
In the case of the distributed memory model, one MPI-process does all the I/O, which 
means scattering and gathering input and output respectively using MPI. This adds a 
communication cost and also creates a limitation that the data should fit into the memory 
of MPI-process doing the file I/O. The other possibility could be that each MPI-process 
does its own file I/O. This is a good strategy at small scales but high performance 
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filesystems e.g. Luster, favor either shared parallel files or the case where a subset of 
MPI-processes are responsible to do the file I/O. The later case is more scalable but 
requires some communication to scatter and gather data onto the designated MPI-
processes. In our distributed memory implementation of dWaSSI-C, each MPI process 
reads and writes to a shared parallel file using the MPI-IO application programming 
interface. Additionally, to reduce the archiving requirements, the output was stored in 
binary format as opposed to ASCII. 
6.3.3 Model simulations in parallel 
To show-case the usefulness of the parallelized dWaSSI-C model, sensitivity tests were 
carried out to test the sensitivity of GEP to the WUE parameter values used by the model. 
This parameter was chosen as it couples water and carbon processes and is a key 
parameter for estimating GEP. Sensitivity tests were carried out by running simulations 
with WUE by ± 1 * SD for each vegetation type as shown in Table 6.4. In order to 
evaluate the model, 4 eddy flux sites from the OzFlux network (Beringer et al., 2016; 
Trudinger et al., 2016) were used (http://data.ozflux.org.au/). The vegetation types for 
these 4 sites (AU-ASM (Cleverly, 2011), AU-Tum (van Gorsel, 2013), AU-Ade 
(Beringer, 2013a) and AU-DaP (Beringer, 2013b)) are evergreen needleleaf forest (ENF), 
evergreen broadleaf forest (EBF), woody savannas (WSA) and grassland (GRA), 
respectively, and the locations for these sites are shown in Figure 6.2a. 
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Table 6.4 The water use efficiency (WUE) parameter and its standard deviation (SD) for 
vegetation types used by the WaSSI-C model (Sun et al., 2011b). 
Vegetation type WUE Parameter SD R2 
Cropland (CRO) 3.13 1.69 0.78 
Evergreen broadleaf forest (EBF) 2.59 0.54 0.92 
Grassland (GRA) 2.12 1.66 0.84 
Open shrubland (OSH) 1.33 0.47 0.85 
Woody Savannas (WSA) 1.26 0.77 0.80 
 
6.4 Results 
6.4.1 Shared memory model using OpenMP 
Figure 6.5 demonstrates the speed up achieved by introducing shared memory parallelism 
using OpenMP. The profiling was run on single large memory node on 
Pawsey's Zeus cluster, with one thread per core, and up to 16 cores, for simulations at 10 
and 5 km resolution, respectively. OpenMP was implemented to parallelize the loops 
processing the input data and in both cases the OpenMP parallelization did not yield 
promising results, with a reduction factor of approximately 1.2 when using 16 OpenMP 
threads versus a single thread. This slight improvement in the overall compute time was 
largely due to the fraction of the compute time spent in executing the nested DO 
loops parallelized by OpenMP. 
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Figure 6.5 Compute time (s) as a function of the number of OpenMP threads for dWaSSI-
C simulations at (a) 10 km resolution and (b) 5 km resolution. 
In order to better understand the relatively poor performance of implementing OpenMP, 
the total compute time was sub-divided into the amount of time spent carrying out 
OpenMP operations, referred to as the omp region, the amount of time in carrying out File 
I/O (i.e. time spend in reading and writing to files), and finally, the amount of time spent 
in executing the subroutine output, which formats the outputs and actually writes output 
files to disk. This is illustrated in Figure 6.6, which shows that the amount of time spent 
in omp region quickly plateaued after 8 threads for both the 10 km and 5 km resolution 
simulations. The majority of the time was spent in executing the subroutine output, which 
runs sequentially as File I/O is thread unsafe and therefore sits outside the scope of 
OpenMP. This subroutine takes approximately 65% of the overall compute time at 10 km 
resolution and approximately 82% at 5 km resolution with a single OpenMP thread, and 
this increases rapidly with increasing numbers of threads. Thus, introducing OpenMP 
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made the code I/O bound. However, File I/O of Figure 6.6 suggests that a mere 8-20% of 
total time in either case of input datasets is spent in actual file I/O. Upon closer inspection, 
it was found that most of the time was being spent in Fortran's format calls within 
the output subroutine. Thus, this operation became extremely expensive as the compute 
time in loops was reduced by introducing OpenMP. 
 
Figure 6.6 Percentage of total compute time shown in Figure 6.5 for (a-c) 10 km and (d-
f) 5 km resolution dWaSSI-C simulations. omp region refers to the time spent in OpenMP 
calls. output func is the time spent in executing the output subroutine which includes 
preparing the data for writing i.e. formatting and the write statements in the code. The 
time spent in File I/O including the write statements in the output subroutine is shown in 
(b) and (e). The output subroutine in OpenMP version of dWaSSI-C code is executed 
outside the OpenMP region as file I/O is not thread safe. 
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6.4.2 Distributed memory model using MPI and hybrid MPI/OpenMP 
implementations 
As has been described earlier, the distributed memory model uses MPI to decompose and 
distribute the subdomains to worker MPI processes. If only a single OpenMP thread is 
used, then the implementation is MPI-only, and if more than 1 OpenMP threads are used, 
then the implementation is a hybrid MPI/OpenMP model as the worker MPI process can 
then spawn additional OpenMP threads and thus introduce shared memory 
parallelism. Figure 6.7 (a) shows the reduction in compute time by using an increasing 
number of MPI processes with 1 OpenMP thread (i.e. a pure MPI implementation), and 
4 OpenMP threads (i.e. a hybrid implementation) for a 0.5 km resolution dWaSSI-C 
simulation. The compute time is reduced by approximately a factor of 2 by using more 
MPI processes when using a single OpenMP thread. The effectiveness of using 4 rather 
than 1 OpenMP threads decreases as the number of MPI processes increases, which 
suggests that using an increasing number of OpenMP threads may not be efficient for 
very high resolution simulations. To better understand where compute time is 
spent, Figure 6.7 (b) shows a break down of the time spent by the output subroutine and 
what we refer to as user calls, which includes all other calls, including the main compute 
intensive subroutine waterbal (Table 6.3). The use of more MPI processes clearly results 
in a notable reduction in the amount of time spent in user calls, but notably, the compute 
time taken by the output subroutine also decreases, albeit not as efficiently 
as user subroutines. Hence, the introduction of MPI-IO to read and write files in parallel 
has removed I/O bottleneck identified in the previous section. 
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Figure 6.7 Variation in compute time with increasing MPI processes, shown in (a), with 
1 and 4 OpenMP threads for dWaSSI-C simulations at 0.5 km resolution. (b) shows the 
time spent in executing user subroutines and also isolates the time spent in executing the 
subroutine output in particular. 
 
Since the use of 4 versus 1 OpenMP thread leads to a marked reduction in compute time 
when using 282 MPI processes (Figure 6.7 (a)), we further investigated the impact of 
using more OpenMP threads as shown in Figure 6.8. Using 8 OpenMP threads only 
results in a slight improvement compared to 4, and using 16 actually results in a slight 
increase in compute time compared to 8 threads. Most of the improvement occurs when 
calling the user subroutines, waterbal in particular, whereas the output subroutine 
remains relatively unaffected as there is no OpenMP region in it. The total compute time 
does not improve beyond 4 OpenMP threads, as the OpenMP overhead (denoted 
as omp_ovhd in Figure 6.8(d)), i.e. the time cost imposed by the operating system in 
managing threads becomes larger than the time spent in the OpenMP region of the code 
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(denoted as omp_region in Figure 6.8(d)). In summary, for high resolution simulations 
using dWaSSI-C, the MPI approach should be adopted, i.e. scaling to more MPI nodes, 
while minimizing the number of OpenMP threads if a hybrid approach is used. 
 
 
Figure 6.8 (a) Variation of total compute time for a dWaSSI-C simulation at 0.5 km 
resolution using 282 MPI processes, with increasing number of OpenMP threads. (b) 
Compute time spent in executing user subroutines which is total - operating system time. 
(c) Time spent in the waterbal and output subroutines and (d) the time spent in the 
OpenMP region of the code (omp_region) versus the corresponding overhead imposed 
by the operating system to manage threads respectively (omp_ovhd). 
 
To further improve on the file writing performance, the Lustre filesystem file striping 
feature was explored. File striping is a feature of Lustre filesystem which is at the core of 
it being a high performance parallel filesystem. A file can be written on more than one 
Chapter 6 Parallelization of a distributed ecohydrological model - dWaSSI-C
 
192 
 
disk or Object Storage Targets (OSTs). On a shared filesystem, repeated access to data 
residing on a single disk can pose a bottleneck. This is because data from other users may 
also be located on the same disk thus serializing the I/O operation. Striping the file on 
multiple storage object reduces the footprint of the data on a single OST and the I/O 
requests are fulfilled quickly. Multiple clients can read or write on different OSTs at the 
same time. Figure 6.9 shows the effect of using an increasing number of stripe counts on 
compute time for a 0.5 km resolution dWaSSI-C simulation. Using 16 stripe counts 
significantly reduced the compute time, but improvements beyond 64 stripe counts were 
minimal. The results shown in Figures 6.7 and 6.8, corresponded to the input datasets 
being read from 16 OSTs and the output files written on 112 OSTs. 
 
Figure 6.9 Effect of Lustre stripe count on the compute time for dWaSSI-C simulations 
at 5 km resolution. 
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In summary, the key factor in improving the performance of dWaSSI-C is to scale to 
more MPI processes. In the following section, we implement this approach to test the 
sensitivity of the model to one of its key parameters. 
6.4.3 Sensitivity of GEP to WUE of dWaSSI-C 
Using the distributed version of dWaSSI-C, 5 km resolution simulations from 2000 to 
2013 were conducted to investigate the sensitivity of the model to the WUE parameter 
(Table 6.4), and the simulated GEP was compared to fluxnet observations at 4 OzFlux 
sites (Figure 6.2). This is illustrated in Figure 6.10 showing monthly time series of the 
simulated and observed GEP at the 4 OzFlux sites. The dWaSSI-C model is able to 
capture the seasonal variations in GEP as compared to the observed GEP well. Simulated 
time series of GEP were strongly correlated to observed GEP (p< 0.05). For the 
sensitivity analysis, the monthly mean simulated GEP by the dWaSSI-C model was 
compared to observations at each of the 4 OzFlux sites as illustrated in Figure 
6.11 showing the monthly climatological comparisons of GEP between the dWaSSI-C 
model with WUE ± 1 * SD and observations at the 4 OzFlux sites. Figure 6.12 shows the 
spatial sensitivity of GEP to WUE during winter and summer. For those four vegetation 
types, EBF showed the lowest sensitivity (< 2.5 g C m-2 d-1) to variations in the WUE 
parameter, while GEP of WSA at the AU-Ade site and GRA at the AU-DaP site 
demonstrated very high sensitivity to WUE, especially during the growing season (about 
10 g C m-2 d-1) (Figures 6.11 and 6.12). In addition, Figure 6.11 illustrates that there is a 
higher variation of GEP in summer than in winter at all of the 4 sites. 
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Figure 6.10 Time series of simulated by dWaSSI-C (lines) and observed by OzFlux 
(points) gross ecosystem productivity (GEP, g C m-2 d-1) at (a) AU-ASM, (b) AU-Tum, 
(c) AU-Ade and (d) AU-DaP. The shaded region represents GEP simulated by the 
dWaSSI-C model with WUE ± 1 * SD. ENF, EBF, WSA and GRA represent evergreen 
needleleaf forest, evergreen broadleaf forest, woody savannas and grassland, respectively. 
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Figure 6.11 Monthly mean of gross ecosystem productivity (GEP, g C m-2 d-1) simulated 
by dWaSSI-C (red lines) and observed by OzFlux (blue lines) at (a) AU-ASM, (b) AU-
Tum, (c) AU-Ade and (d) AU-DaP. The shaded region represents long-term (from 2000 
to 2013) monthly mean GEP simulated by the dWaSSI-C model with WUE ± 1 * SD. 
Error bars on the lines represent one standard deviation for the monthly GEP during the 
period with observation data at each OzFlux site. ENF, EBF, WSA and GRA represent 
evergreen needleleaf forest, evergreen broadleaf forest, woody savannas and grassland, 
respectively. 
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Figure 6.12 Absolute differences in gross ecosystem productivity (GEP, g C m-2 d-1) in 
(a) winter (JJA) and (b) summer (DJF) between the control and control + 1 * SD of the 
WUE parameter. 
 
Spatially, Figure 6.12 demonstrates that GEP in coastal areas was more sensitive to WUE 
than inland areas. Moreover, GEP of grassland in north Australia had the highest seasonal 
variation and was strongly sensitive to WUE, especially in summer, which is the monsoon 
season. The absolute difference in GEP between control and control +1 * SD for WSA 
was less than 1 g C m-2 d-1 in winter but more than 8 g C m-2 d-1 in summer. The GEP of 
OSH in inland areas was not sensitive to WUE irrespective of the season. GEP of EBF 
and CRO along the south coast areas demonstrated moderate sensitivity to WUE, with 
absolute differences between the control and control +1 * SD of approximately 2.5 g C 
m-2 d-1. 
The root mean square errors of the regressions between simulated and observed GEP time 
series at the AU-ASM, AU-Tum, AU-Ade and AU-DaP were 0.8, 1.5, 1.9 and 2.1 g C m-
2 d-1, respectively. With the default WUE for each vegetation type, GEP at AU-DaP 
showed the best agreement between dWaSSI-C and OzFlux observations. The dWaSSI-
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C model showed a tendency to underestimate GEP at the AU-Tum site in summer, but 
overestimated GEP in summer at the AU-Ade and AU-ASM sites (Figure 6.11). 
6.4.4 Water and carbon estimates over the Australian continent from 
2000 to 2013 
Water and carbon fluxes over the Australian continent were simulated using the 
parallelized dWaSSI-C model at a 5*5 km using the default parameters from 2000 to 
2013. The mean annual ET and GEP were 0.54 mm d-1 and 1.0 g C m-2 d-1 respectively, 
and the annual mean ET generally showed a similar spatial pattern to GEP as shown in 
Figure 6.13. There were explicit gradients of water and carbon fluxes from inland arid 
zones to coastal temperate and tropical zones. Specifically, ET ranged from 
approximately 0.4 to 1.95 mm d-1 from the middle eastern and western inland arid zones 
to the eastern and southwestern temperate and northern tropical coastal zones, while GEP 
ranged from approximately 0.7 to 4.4 g C m-2 d-1. 
 
Figure 6.13 Mean annual (a) evapotranspiration (ET, mm d-1) and (b) gross ecosystem 
productivity (GEP, g C m-2 d-1) estimates over the Australian continent from 5 * 5 km 
resolution dWaSSI-C simulations, averaged from 2000 to 2013. 
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As for vegetation types, EBF, which was mainly distributed along the southwest and 
southeast temperate zones, showed the highest carbon productivity with mean annual ET 
and GEP of 1.9 mm d-1 and 4.9 g C m-2 d-1, respectively. Although EBF makes up only 
approximately 1% of total vegetation cover, this vegetation type still plays an important 
role in carbon sequestration, as it is photosynthetically active throughout the year. The 
dominant vegetation in Australia is OSH, which accounts for 67% mainly in the inland 
arid zone, and showed the lowest carbon productivity, with ET and GEP around 
0.7 mm year-1 and 1.6 g C m-2 d-1, respectively. This was mainly the result of the shortage 
of water. CRO and WSA, which were located in the transitional areas between forest and 
shrublands and account for approximately 10% of vegetation cover, showed a similar 
capacity for carbon sequestration (3.1 g C m-2 d-1), but the ET of WSA (1.7 mm d-1) was 
much higher than that of CRO (1.2 mm year-1). SA, in the northern tropical zone, had 
modest carbon sequestration capacity, with ET and GEP of approximately 2.1 mm d-1 and 
4.6 g C m-2 d-1, respectively. 
Overall, the dWaSSI-C model can capture the seasonal cycles of both water and carbon 
fluxes reasonably well. However, biases between observations and simulated GEP can 
still be large (Figure 6.10) and therefore, the model needs further calibration and 
evaluation before answering more specific scientific questions, such as the impacts of 
future climate change on the water and carbon cycles over the Australian continent. Since 
the main aim of this paper is to show-case the usefulness of parallelizing the model, 
further model calibration and evaluation is outside the scope of this paper, but will be the 
subject of future work. 
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6.5 Discussion and conclusions 
6.5.1 Parallel model 
The dWaSSI-C model is memory-bound and using shared-memory parallelism (OpenMP) 
alone, has significant limitations (Figure 6.5). The use of distributed memory parallelism 
(MPI) allows for the model domain to be decomposed into smaller chunks, which are 
processed independently and this allows the code to run much more efficiently (Figure 
6.7, single thread use). Using the hybrid approach with up to 16 OpenMP threads only 
did not increase performance markedly (Figure 6.8), and hence, running the model as 
MPI-only is also a viable option. Ideally, the computation time should decrease linearly 
with the increase in MPI processors. In the real world however, adding more resources 
does not necessarily make the code run faster. This is because the time taken by the 
parallelized computational part of the code reduces as the problem domain is decomposed 
and distributed more finely. Thus, at one point, the overhead of communication and/or 
disk I/O surpasses the expense of computation. The scaling graphs in Figure 
6.7 demonstrate that there is an optimum number of MPI processes to maximize the usage 
of the computation resource of a computation node. This optimum number or sweet spot 
is dependent on the size/resolution of the problem domain, and hence, scaling tests should 
be carried out for different resolutions prior to running ensembles. Another advantage of 
the using the distributed memory model is the scalability in terms of memory. A problem 
size posed by, for example, the 0.5 km resolution simulation, is impractically large to 
simulate on any high-end desktop or even a shared memory machine. With a distributed 
model, the more computation nodes available, the larger the problem that can be mapped. 
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6.5.2 Effects of resolution of input data 
Vegetation cover datasets with different resolutions were used to test the performance of 
parallelization method. In addition to the spatial scale, the temporal scale can also vary, 
depending on the application of a model. For the dWaSSI-C model, the basic temporal 
scale has been fixed as a monthly time period. However, this is still a controversial and 
complex issue for ecological studies, because water and carbon processes at a specific 
scale are influenced by structure and function of other scales (Turnbull et al., 2008). In 
addition, these effects may even be non-linear, which changes the basic mathematical 
relationships for water and carbon processes during scaling (Yu et al., 2008). Thus, a 
mechanistic interpretation of the behaviour of a system can only be derived by an 
assessment of the extent to which ecosystem structure and function are connected through 
time and space (Turnbull et al., 2008). 
In this study, we found that resolution of the input vegetation data-sets had little effect on 
water and carbon estimates by the dWaSSI-C model when the estimates were compared 
over the whole Australian continent. However, for each pixel, vegetation type is one of 
the most important factors influencing model estimates of water and carbon fluxes. 
Ecologically, vegetation spatial organization and constitution affect both water 
availability and carbon sequestration. Currently, the most commonly used remote sensing 
data used for terrestrial ecosystem detection are Landsat and MODIS, which have 
resolutions of 30 m and 500 m respectively. Even at the highest (30 m) resolution, each 
pixel may still represent combinations of several types of vegetation, hydrology, and soil 
characteristics, all of which can contribute to higher variability of fluxes within one 
pixel. Ma et al. (2015) found that a forest ecosystem carbon budget model for China at a 
0.5 * 0.5° resolution, overestimated the forest gross carbon dioxide uptake by 
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approximately 8.7% because the vegetation fraction per grid cell was not taken into 
consideration. Similarly, the dWaSSI-C model only considers one vegetation type per 
grid cell and hence, to accurately simulate water and carbon processes, the vegetation 
fraction per grid cell should be taken into consideration, and this is likely to add to the 
computational time. 
Vegetation is a key factor which determines hydrological partitioning in a watershed and 
the consequences for watershed-scale hydrology. However, the role of vegetation in 
controlling the spatial and temporal dependence of water balance partitioning remains 
challenging to elucidate. Wood et al. (1988) suggests that there is a specific spatial 
resolution for each model at which point the model is insensitive to higher 
resolutions. Wolock (1995) found that the simulation accuracy of a topographical based 
hydrological model, TOPMODEL, increased with increasing resolution from 5*5 to 
0.05*0.05 km in the Sleepers River Watershed, Vermont, USA. To resolve the difficulty 
of finding the most appropriate spatial resolution for hydrology models, Dehotin and 
Braud (2008) developed a nested discretization method, which allows a controlled and 
objective trade-off between available data, the resolution of the dominant water cycle 
components and the modeling objectives. Currently, dWaSSI-C has been only used for 
the watershed scale and its ideal simulation spatial resolution is still not clear. Therefore, 
using the parallelized version of dWaSSI-C, the ideal spatial resolution of dWaSSI-C and 
the effects of resolution of input data on the simulation can be more efficiently studied in 
the future. 
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6.5.3 Uncertainty of dWaSSI-C and future work 
Although the dWaSSI-C model, when operated using default WUE parameters, can 
clearly capture the seasonal cycle of water and carbon fluxes in comparison with 
observations, a large area of Australia, such as the WSA and GRA areas, showed very 
high sensitivity of GEP to WUE, especially during the growing season (Figures 6.10 and 
6.11). These sensitivity results suggest that WUE is a very important and highly sensitive 
parameter for carbon flux estimations. Even when using the default WUE parameters, 
differences between the simulated and observed fluxes can be large, for example, during 
the first half of 2007 for WSA (Figure 6.10). Given that there are observations available 
from around 30 sites from the OzFlux network (http://www.ozflux.org.au), and only two 
sites have been used for building the default model by Sun et al. (2011b), there is clearly 
scope for further work in better constraining the model using the latest available 
observational fluxes from the OzFlux network. 
Another source of uncertainty in eco-hydrological models is the meteorological driving 
data (Slevin et al., 2017). The gridded climate data used in this study is originally 
interpolated from point observations of weather stations across the Australian continent. 
Therefore, the number of observations and the accuracy of the interpolation determine 
the quality of the climate data (Jones et al., 2009). A large portion of the inland arid 
Australian continent is poorly covered by meteorological stations, and hence, there is 
greater uncertainty in these regions (Jones et al., 2009). With the parallelized dWaSSI-C 
model, it is much easier and faster to conduct a model sensitivity analysis for the driving 
meteorological data. 
Currently, all input and output data of dWaSSI-C model are stored in binary format, 
which has several disadvantages, such as the need for more processing to further analyze 
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and visualize the data, and the need for additional documentation about the output binary 
format. Hierarchical Data Format (HDF) and Network Common Data Format (NetCDF) 
provide a solution to these issues by enabling easier visualization and processing of model 
outputs, and have the added advantage that the meta-data are easily accessible from the 
output file, which avoids the need for additional documentation. Additionally, with 
NetCDF/HDF5 formats, the input and output datasets can be read and written in parallel, 
which would further reduce the compute time of the model. The performance of 
NetCDF/HDF5 formats will be analyzed as part of future research. 
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7.1 Introduction 
Australia has experienced a pronounced change in both temperature and rainfall since 
1950, resulting in extensive changes in water and carbon fluxes. Strong relationships 
between climate change (precipitation) and vegetation dynamics (vegetation indices and 
carbon sequestration) were found at the Australian continental scale. However, responses 
of different vegetation types to climate change differed significantly, and parallel findings 
have been observed previously for some other geographic regions. Meng et al. (2014) 
noted that vegetation-water-climate interactions are strong time and region-dependent. 
Grassland and shrubland were more sensitive to climate change than woodland and forest 
areas, reflecting the varied water use strategy of each vegetation type. Similarly, Li et al. 
(2017) highlighted the contrasting sensitivities of carbon uptake between forest and non-
forest ecosystems, by analyzing the flux measurements from 23 ecosystems in Australia. 
In general, woodland and forest can still obtain enough water supply from the deep soil 
during drought seasons. For instance, Smettem et al. (2013) reported that forest in 
southwestern Australia may use groundwater for the maintenance of high LAI. However, 
shallow-rooted shrubland and grassland generally rely on the short-term rainfall (Cheng 
et al., 2014). The WUE of Australian ecosystems has increased since 1982 (Cheng et al., 
2017), whereas different trends of water and carbon fluxes were detected in different 
biomes. 
Based on the difference in climate change between the “big dry” and “big wet” periods 
in Australia, Xie et al. (2016) divided the Australian continent into three geographic zones, 
namely northern Australia, southwestern Australia and southeastern Australia. In this 
thesis, we found a similar response pattern of vegetation to climate change in these three 
zones. Therefore, the responses of water and carbon to climate change will be considered 
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separately for each geographic zone. The non-forest vegetation, such as grassland and 
woodland savannas, constitute the main vegetation in northern Australia, so the response 
of grassland to climate change is mainly discussed in this part. For another two 
geographic zones, we mainly discuss the forest areas in southwestern and southeastern 
Australia, because of the complex interactions between vegetation, water and climate 
change in forest areas. Although there was no consistent significant relationship between 
precipitation and vegetation indices of forest ecosystems in Australia, forests in 
southeastern Australia, where precipitation had declined since 1997, have become more 
sensitive to precipitation change than in southwestern Australia. Forest in southwestern 
Australia experienced an increase of WUE, while an opposite trend was observed in 
southeastern Australia resulting from the different responses of water and carbon 
processes to climate change. The decreases in ET and ETr were larger than reductions in 
GPP and NPP in southwestern Australia, whereas GPP and NPP declined more than ET 
and ETr in southeastern Australia. Water yield is predicted to decline in both 
southwestern and southeastern Australian, while carbon sequestration is projected to 
increase in the southeast but to decrease in the southwest in the future in comparison with 
the period of 1995 to 2015. Overall, the south of Australia may experience increased risks 
for securing water from terrestrial sources for human use (Van Vliet et al., 2013). 
7.1.1 Northern Australia 
For these three geographic zones, only the northern Australia showed increasing trends 
of water and carbon fluxes, demonstrating the positive response of grassland to rainfall 
and rising CO2 for the past several decades. However, there was a significant difference 
in the dynamics of ET and ETr in this area, with a higher increase of ET than ETr, which 
resulted in the different GPP/ET and NPP/ETr trends in this region. Moreover, a much 
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longer time lag of drought on GPP/ET than NPP/ETr was observed in this area. The 
different responses of ET and ETr to climate change suggest that warming resulted in a 
higher increase of evaporation than transpiration because evaporation was directly related 
to moisture availability (Gallant et al., 2013). Our research predicted that the warming 
trend in northern Australia is expected to continue but there will be a drying trend by 
2080 compared to the baseline period of 1995 to 2015, leading to less water yield and 
carbon sequestration. Similarly, Beringer et al. (2015) reported that varied precipitation 
and rising CO2, along with fire, are likely to alter the structure and function of savannas 
in northern Australia in the future. 
7.1.2 Southwestern Australia 
In southwestern Australia, although a greening trend of LAI was reported by Smettem et 
al. (2013) during 2000 to 2010, there have been declining trends in both water and carbon 
fluxes (Brouwers and Coops, 2016) since 1982. Significant declines in streamflow and 
increased forest mortality have been observed in the region. Using the Fu’s equation for 
separating the effects of climate change and vegetation on water yield in 79 catchments 
for the period of 1982 to 2011 (Teng et al., 2012a), we found that, apart from climate 
change, vegetation dominated the decrease in streamflow in about two-thirds of these 
catchments. The contributions of precipitation, temperature and vegetation on streamflow 
change for each catchment varied because of different catchment characters and climate 
conditions. Due to the long-term decline of rainfall and groundwater, disconnection 
between streamflow and groundwater was reported by Kinal and Stoneman, (2012), 
leading to a large disparity between the rates of decline in annual rainfall and inflow into 
reservoirs (Hughes et al., 2012). Drought and extreme heat resulted in patchy forest 
dieback (Evans and Lyons, 2013; Matusick et al., 2013), and water was deemed to be a 
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critical factor (Brouwers et al., 2013). Moreover, the productivity of Australia’s temperate 
eucalypt forests could decline substantially as the climate warms (Bowman et al., 2014; 
Prior and Bowman, 2014), and forest growth becomes dependant on annual inputs of 
precipitation alone, rather than being buffered by groundwater stores. There is consistent 
prediction of drier and warmer climate conditions in southwest Australia (Barria et al., 
2015; Smith and Power, 2014), which is expected to further decrease runoff and soil water 
storage (McFarlane et al., 2012; Silberstein et al., 2012), leading to high risk on water-
dependent ecosystems (Barron et al., 2012). This part of Australia was identified as a 
possible hotspot for future water security issues (Prudhomme et al., 2014). Furthermore, 
if hot droughts continue, considerable mortality may threaten ecosystem resilience across 
biomes given the emergence of substantial changes in ecosystem structure (Ponce 
Campos et al., 2013). 
7.1.3 Southeastern Australia 
The southeastern part of Australia has experienced more frequent droughts since 1982, 
especially during the period 2001 to 2009 (Van Dijk et al., 2013), which resulted in the 
almost complete drying of surface water resources in some catchments. This frequent 
severe drought also led to a dramatic decline in carbon sequestration and WUE of forest 
ecosystems even with unchanged vegetation greenness during the Millennium drought 
(Sawada and Koike, 2016). Moreover, Leblanc et al. (2009) reported that the hydrological 
drought in the Murray-Darling Basin continues even though the region returned to 
average annual rainfall during 2007, suggesting that the soil water storage has not 
returned to the normal condition. The effects of drought on southeastern Australia is quite 
similar to the Amazon forest where carbon sequestration significantly decreased after 
frequent severe droughts (Feldpausch et al., 2016). The majority of the modelling results 
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using rainfall projections from CMIP3 indicated that there will be a drier and less runoff 
future in southeastern Australia compared with the historical period from 1970 to 2000 
(Chiew et al., 2009; Fu et al., 2013; Teng et al., 2012b). Our results showed the same 
declining future trend in runoff using 20 GCMs from CMIP5, but the projected rainfall 
in southeastern Australia will be higher than the baseline period of 1995 to 2015, which 
is a the driest period during the past several decades. However, in comparison with a 
long-term historical period, the SE Australia has been predicted to experience a declining 
rainfall and more severe droughts (Chiew, et al., 2009 ). More droughts are projected to 
occur in southeastern Australia, which may lead to sustained decreases in the net carbon 
uptake of forest ecosystems (Kilinc et al., 2013; Mitchell et al., 2012). 
Overall, Australian ecosystems are projected to experience warmer and drier climate 
situations with increasing drought risk (Moser et al., 2014). However, the predictions 
from different models varied significantly due to the uncertainty of each climate model 
(Teng et al., 2012a). Although droughts are unpredictable, there are forest management 
methods to mitigate the impacts of drought on water yield and carbon sequestration (Vose 
et al., 2016). Thinning is a potential way to reduce the level of water stress and to prevent 
the watertable from dropping further (Birdsey and Pan, 2015; Law, 2014; Sohn et al., 
2016; White et al., 2009), thus increasing carbon sequestration (Cunningham et al., 2015; 
Polglase et al., 2013). Thinning can increase the available water and light for left trees 
leading to an increase in water use efficiency, which may result in lower water use but 
higher carbon sequestration. However, there is a trade-off relationship between water 
yield and carbon sequestration. Considering multiple objectives simultaneously enabled 
the identification of land use arrangements that were efficient over multiple ecosystem 
services (Bryan et al., 2015). In addition, fine-scale predictive models are needed to 
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determine trends in forcing factors, species-level responses, and feedbacks into the future 
(Law, 2014). 
 
7.2 Conclusions 
Precipitation and vegetation indices dramatically declined across almost the whole 
continent during the past long drought period of 2002-2009, compared to the baseline 
period of 2000-2001. Non-forest areas were more sensitive to precipitation and soil 
moisture than forest areas in Australia. Forests in southeastern Australia have become 
more sensitive to precipitation change than in southwestern Australia after the 
considerable decline in streamflow.  
A declining trend and relatively consistent change point (2000) of streamflow were found 
in most catchments in southwestern Australia, with 41 of 79 catchments showing 
significant declines between the two periods of 1982-2000 and 2001-2011. Most of the 
catchments have been shifting towards more a water-limited climate condition since 2000. 
Vegetation dynamic (land cover/use change and growth of vegetation) dominated the 
decrease in streamflow in about two-thirds of catchments. The contributions of 
precipitation, temperature and vegetation on streamflow change for each catchment 
varied in different catchment characters and climate conditions.  
The WUE of Australian forest ecosystems has increased since 1982, whereas different 
trends of water and carbon fluxes were found in different forest types. A significant 
increasing trend of annual WUE was only found in woodland areas due to higher 
magnitudes of increases in carbon sequestration than water consumption. The increase in 
WUE of eucalypt open forest resulted from water consumption decreased more than the 
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reduction in carbon sequestration. More severe and frequent droughts occurred in the 
north than in the southwest and southeast of Australia since 1982. The response of WUE 
to drought varied significantly regionally and across forest types, due to the different 
responses of carbon sequestration and water consumption to drought. The cumulative 
lagged effect of drought on monthly WUE derived from NPP/ETr was consistent and 
relatively short and stable between biomes (< 4 months), but dramatically varied for WUE 
based on GPP/ET, with a longer time lag (mean of 16 months).  
The revised WaSSI-C model demonstrated reasonable performance for estimating water 
and carbon fluxes in Australia. Compared with the baseline period of 1995-2015, a 
warmer and drier trend, with increasing drought risk, was projected in the southwest and 
north Australia, which is expected to result in significant declines in both water yield and 
carbon sequestration in these areas in the future. By contrast, southeast Australia is 
projected to experience a warmer and wetter climate in the future, which is expected to 
result in significant decline in water yield but increased carbon sequestration. However, 
the prediction from different models varied significantly due to the uncertainty of each 
climate model. To apply the model at a large scale with high resolution, the serial WaSSI-
C was further parallelized using distributed (MPI) and shared (OpenMP) memory 
parallelism techniques. Compared with the serial code, the parallelized model can more 
easily and more quickly be used to conduct a continental scale simulation. 
7.3 Future research directions 
Australian forest ecosystems have become sensitive to the drying climate and more 
droughts are projected to occur in southern Australia. Groundwater has played an 
important role in securing the forest growth in dry periods. Future research, therefore, 
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should further analyze the impacts of groundwater on functions of forest ecosystems and 
the effects of climate change on groundwater systems. 
This thesis studied the accuracy of the dWaSSI-C model and used it for catchment scale 
estimations, however, one key limitation of the model is the fixed carbon model for 
carbon estimation with ET. Although this configuration is suitable for studying the effects 
of climate change on vegetation, it cannot reflect the impacts of climate change on the 
interaction between water and carbon processes. Therefore, the carbon model of dWaSSI-
C should be improved in the future. 
This thesis used all of the latest climate scenarios for projecting the effects of climate 
change on forest water and carbon fluxes, however there is a considerable uncertainty of 
these GCMs. Therefore, the accuracy of these GCMs should be further studied in 
Australia. Apart from the impact of climate change, Chapter 3 suggested that land cover 
change also contributed significantly to the water yield dynamic. Therefore, future 
research is suggested using the parallelized model with different land management 
scenarios, such as thinning and reforestation, to identify the best forest management 
strategy to mitigate the impacts of climate change on Australian forest ecosystems in the 
future. 
  
Chapter 7 General discussion
 
214 
 
 
 
215 
 
References 
Ali, R., McFarlane, D., Varma, S., Dawes, W., Emelyanova, I., and Hodgson, G. (2012). 
Potential climate change impacts on the water balance of regional unconfined aquifer 
systems in south-western Australia. Hydrology and Earth System Sciences, 16:4581-
4601. 
Allen, C. D., Macalady, A. K., Chenchouni, H., Bachelet, D., McDowell, N., Vennetier, 
M., Kitzberger, T., Rigling, A., Breshears, D. D., Hogg, E. H., Gonzalez, P., Fensham, 
R., Zhang, Z., Castro, J., Demidova, N., Lim, J. H., Allard, G., Running, S. W., 
Semerci, A., and Cobb, N. (2010). A global overview of drought and heat-induced 
tree mortality reveals emerging climate change risks for forests. Forest Ecology and 
Management, 259:660-684. 
Anderegg, L. D. L., Anderegg, W. R. L., Abatzoglou, J., Hausladen, A. M., and Berry, J. 
A. (2013). Drought characteristics’ role in widespread aspen forest mortality across 
Colorado, USA. Global Change Biology, 19:1526-1537. 
Anderegg, W. R. L., Flint, A., Huang, C. Y., Flint, L., Berry, J. A., Davis, F. W., Sperry, 
J. S., and Field, C. B. (2015). Tree mortality predicted from drought-induced vascular 
damage. Nature Geoscience, 8:367-371. 
Anderson, R. M., Koren, V. I., and Reed, S. M. (2006). Using SSURGO data to improve 
Sacramento Model a priori parameter estimates. Journal of Hydrology, 320:103-116. 
Arnell, N. W. (2004). Climate change and global water resources: SRES emissions and 
socio-economic scenarios. Global Environmental Change, 14:31-52. 
Baldocchi, D., Falge, E., Gu, L. H., Olson, R., Hollinger, D., Running, S., Anthoni, P., 
Bernhofer, C., Davis, K., Evans, R., Fuentes, J., Goldstein, A., Katul, G., Law, B., 
Lee, X. H., Malhi, Y., Meyers, T., Munger, W., Oechel, W., U, K. T. P., Pilegaard, 
K., Schmid, H. P., Valentini, R., Verma, S., Vesala, T., Wilson, K., and Wofsy, S. 
(2001). FLUXNET: A new tool to study the temporal and spatial variability of eco-
system-scale carbon dioxide, water vapor, and energy flux densities. Bulletin of the 
American Meteorological Society, 82:2415-2434. 
References
 
216 
 
Barbeta, A., Ogaya, R., and Penuelas, J. (2013). Dampening effects of long-term experi-
mental drought on growth and mortality rates of a Holm oak forest. Global Change 
Biology, 19:3133-3144. 
Bari, M. A. and Ruprecht, J. K. (2003). Water yield response to land use change south-
west Western Australia. Resource Science Division, Department of Environment. Sa-
linity and land use impacts series; report no. SLUI 31. Department of Environment, 
East Perth, WA Australia 
Barria, P., Walsh, K. J. E., Peel, M. C., and Karoly, D. (2015). Uncertainties in runoff 
projections in southwestern Australian catchments using a global climate model with 
perturbed physics. Journal of Hydrology, 529:184-199. 
Barron, O., Silberstein, R., Ali, R., Donohue, R., McFarlane, D. J., Davies, P., Hodgson, 
G., Smart, N., and Donn, M. (2012). Climate change effects on water-dependent eco-
systems in south-western Australia. Journal of Hydrology, 475:473-487. 
Bates, B. C., Hope, P., Ryan, B., Smith, I., and Charles, S. (2008). Key findings from the 
Indian Ocean Climate Initiative and their impact on policy development in Aus-
tralia. Climatic Change, 89:339-354. 
Bates, B. Kundzewicz, J.W.; Wu, S.; Palutikof, J.B. (2008). Climate Change and Water. 
Technical Paper, Intergovernmental Panel on Climate Change (IPCC) Secretariat, Ge-
neva. 
Battipaglia, G., Saurer, M., Cherubini, P., Calfapietra, C., McCarthy, H. R., Norby, R. J., 
and Cotrufo, M. F. (2013). Elevated CO2 increases tree-level intrinsic water use effi-
ciency: insights from carbon and oxygen isotope analyses in tree rings across three 
forest FACE sites. New Phytologist, 197:544-554. 
Beer, C., Reichstein, M., Tomelleri, E., Ciais, P., Jung, M., Carvalhais, N., Rodenbeck, 
C., Arain, M. A., Baldocchi, D., Bonan, G. B., Bondeau, A., Cescatti, A., Lasslop, G., 
Lindroth, A., Lomas, M., Luyssaert, S., Margolis, H., Oleson, K. W., Roupsard, O., 
Veenendaal, E., Viovy, N., Williams, C., Woodward, F. I., and Papale, D. (2010). 
Terrestrial gross carbon dioxide uptake: global distribution and covariation with cli-
mate. Science, 329:834-8. 
Ben-Hamadou, R., Atanasova, N., and Wolanski, E. (2011). Ecohydrology Modeling. 
Academic Press, Waltham, pp. 301-328. 
References
 
217 
 
Bennett, J. M., Cunningham, S. C., Connelly, C. A., Clarke, R. H., Thomson, J. R., and 
Mac Nally, R. (2013). The interaction between a drying climate and land use affects 
forest structure and above-ground carbon storage. Global Ecology and Biogeography, 
22(12):1238-1247. 
Beringer, J., Hutley, L. B., Abramson, D., Arndt, S. K., Briggs, P., Bristow, M., Canadell, 
J. G., Cernusak, L. A., Eamus, D., Edwards, A. C., Evans, B. J., Fest, B., Goergen, K., 
Grover, S. P., Hacker, J., Haverd, V., Kanniah, K., Livesley, S. J., Lynch, A., Maier, 
S., Moore, C., Raupach, M., Russell-Smith, J., Scheiter, S., Tapper, N. J., and Uotila, 
P. (2015). Fire in Australian savannas: from leaf to landscape. Global Change Biology, 
21:62-81. 
Beringer, J., Hutley, L. B., McHugh, I., Arndt, S. K., Campbell, D., Cleugh, H. A., Clev-
erly, J., de Dios, V. R., Eamus, D., Evans, B., Ewenz, C., Grace, P., Griebel, A., 
Haverd, V., Hinko-Najera, N., Huete, A., Isaac, P., Kanniah, K., Leuning, R., Liddell, 
M. J., Macfarlane, C., Meyer, W., Moore, C., Pendall, E., Phillips, A., Phillips, R. L., 
Prober, S. M., Restrepo-Coupe, N., Rutledge, S., Schroder, I., Silberstein, R., Southall, 
P., Yee, M. S., Tapper, N. J., van Gorsel, E., Vote, C., Walker, J., and Wardlaw, T. 
(2016). An introduction to the Australian and New Zealand flux tower network - 
OzFlux. Biogeosciences, 13:5895-5916. 
Birdsey, R. and Pan, Y. D. (2015). Trends in management of the world’s forests and 
impacts on carbon stocks. Forest Ecology and Management, 355:83-90. 
Bloomfield, J. P. and Marchant, B. P. (2013). Analysis of groundwater drought using a 
variant of the Standardised Precipitation Index. Hydrology and Earth System Sciences 
Discussions, 10:7537-7574. 
Bonan, G. B. (2008). Forests and climate change: forcings, feedbacks, and the climate 
benefits of forests. Science, 320:1444-1449. 
Bowman, D. M. J. S., Williamson, G. J., Keenan, R. J., and Prior, L. D. (2014). A warmer 
world will reduce tree growth in evergreen broadleaf forests: evidence from Austral-
ian temperate and subtropical eucalypt forests. Global Ecology and Biogeography, 
23:925-934. 
References
 
218 
 
Breda, N., Huc, R., Granier, A., and Dreyer, E. (2006). Temperate forest trees and stands 
under severe drought: a review of ecophysiological responses, adaptation processes 
and long-term consequences. Annals of Forest Science, 63:625-644. 
Brouwers, N. C. and Coops, N. C. (2016). Decreasing net primary production in forest 
and shrub vegetation across southwest Australia. Ecological Indicators, 66:10-19. 
Brouwers, N. C., Mercer, J., Lyons, T., Poot, P., Veneklaas, E., and Hardy, G. (2013). 
Climate and landscape drivers of tree decline in a Mediterranean ecoregion. Ecology 
and Evolution, 3:67-79. 
Brouwers, N., Matusick, G., Ruthrof, K., Lyons, T., and Hardy, G. (2012). Landscape-
scale assessment of tree crown dieback following extreme drought and heat in a Med-
iterranean eucalypt forest ecosystem. Landscape Ecology, 28:69-80. 
Brown, A. E., Western, A. W., McMahon, T. A., and Zhang, L. (2013). Impact of forest 
cover changes on annual streamflow and flow duration curves. Journal of Hydrology, 
483:39-50. 
Brown, A. E., Zhang, L., McMahon, T. A., Western, A. W., and Vertessy, R. A. (2005). 
A review of paired catchment studies for determining changes in water yield resulting 
from alterations in vegetation. Journal of Hydrology, 310:28-61. 
Bryan, B. A., Crossman, N. D., Nolan, M., Li, J., Navarro, J., and Connor, J. D. (2015). 
Land use efficiency: anticipating future demand for land-sector greenhouse gas emis-
sions abatement and managing trade-offs with agriculture, water, and biodiver-
sity. Global Change Biology, 21:4098-4114. 
Brzostek, E. R., Dragoni, D., Schmid, H. P., Rahman, A. F., Sims, D., Wayson, C. A., 
Johnson, D. J., and Phillips, R. P. (2014). Chronic water stress reduces tree growth 
and the carbon sink of deciduous hardwood forests. Global Change Biology, 20:2531-
2539. 
Budyko, M. (1974). Climate and Life, xvii, 508 pp. Academic Press, New York, pp. 72-
191. 
Burn, D. H. and Elnur, M. A. H. (2002). Detection of hydrologic trends and variabil-
ity. Journal of Hydrology, 255:107-122. 
References
 
219 
 
Caldwell, P. V., Sun, G., McNulty, S. G., Cohen, E. C., and Myers, J. A. M. (2012). 
Impacts of impervious cover, water withdrawals, and climate change on river flows 
in the conterminous US. Hydrology and Earth System Sciences, 16:2839-2857. 
Camarero, J. J., Gazol, A., Galvan, J. D., Sanguesa-Barreda, G., and Gutierrez, E. (2015). 
Disparate effects of global-change drivers on mountain conifer forests: warming-in-
duced growth enhancement in young trees vs. CO2 fertilization in old trees from wet 
sites. Global Change Biology, 21:738-749. 
Cao, M. K. and Woodward, F. I. (1998). Dynamic responses of terrestrial ecosystem car-
bon cycling to global climate change. Nature, 393:249-252. 
Carnicer, J., Coll, M., Ninyerola, M., Pons, X., Sanchez, G., and Penuelas, J. (2011). 
Widespread crown condition decline, food web disruption, and amplified tree mortal-
ity with increased climate change-type drought. Proceedings of the National Academy 
of Sciences of the United States of America, 108:1474-1478. 
Chang, J. X., Zhang, H. X., Wang, Y. M., and Zhu, Y. L. (2016). Assessing the impact 
of climate variability and human activities on streamflow variation. Hydrology and 
Earth System Sciences, 20:1547-1560. 
Chen, H., Zhu, Q., Peng, C., Wu, N., Wang, Y., Fang, X., Gao, Y., Zhu, D., Yang, G., 
Tian, J., Kang, X., Piao, S., Ouyang, H., Xiang, W., Luo, Z., Jiang, H., Song, X., 
Zhang, Y., Yu, G., Zhao, X., Gong, P., Yao, T., and Wu, J. (2013). The impacts of 
climate change and human activities on biogeochemical cycles on the Qinghai-Ti-
betan Plateau. Global Change Biology, 19:2940-2955. 
Chen, J., Brissette, F. P., and Leconte, R. (2011). Uncertainty of downscaling method in 
quantifying the impact of climate change on hydrology. Journal of Hydrology, 
401:190-202. 
Chen, L., Wang, L., Ma, Y., and Liu, P. (2015). Overview of Ecohydrological Models 
and Systems at the Watershed Scale. IEEE Systems Journal, 9:1091-1099. 
Chen, R., Senbayram, M., Blagodatsky, S., Myachina, O., Dittert, K., Lin, X., 
Blagodatskaya, E., and Kuzyakov, Y. (2014). Soil C and N availability determine the 
priming effect: Microbial N mining and stoichiometric decomposition theories. 
Global Change Biology, 20:2356-2367. 
References
 
220 
 
Chen, T., de Jeu, R. A. M., Liu, Y. Y., van der Werf, G. R., and Dolman, A. J. (2014). 
Using satellite based soil moisture to quantify the water driven variability in NDVI: 
A case study over mainland Australia. Remote Sensing of Environment, 140:330-338. 
Cheng, L., Zhang, L., Wang, Y.-P., Canadell, J. G., Chiew, F. H. S., Beringer, J., Li, L., 
Miralles, D. G., Piao, S., and Zhang, Y. (2017). Recent increases in terrestrial carbon 
uptake at little cost to the water cycle. Nature Communications, 8:110. 
Cheng, L., Zhang, L., Wang, Y.-P., Yu, Q., Eamus, D., and O’Grady, A. (2014). Impacts 
of elevated CO2, climate change and their interactions on water budgets in four dif-
ferent catchments in Australia. Journal of Hydrology, 519:1350-1361. 
Chiew, F. H. S., Teng, J., Vaze, J., Post, D. A., Perraud, J. M., Kirono, D. G. C., and 
Viney, N. R. (2009). Estimating climate change impact on runoff across southeast 
Australia: Method, results, and implications of the modeling method. Water Re-
sources Research, 45. 
Choat, B., Jansen, S., Brodribb, T. J., Cochard, H., Delzon, S., Bhaskar, R., Bucci, S. J., 
Feild, T. S., Gleason, S. M., Hacke, U. G., Jacobsen, A. L., Lens, F., Maherali, H., 
Martinez-Vilalta, J., Mayr, S., Mencuccini, M., Mitchell, P. J., Nardini, A., Pittermann, 
J., Pratt, R. B., Sperry, J. S., Westoby, M., Wright, I. J., and Zanne, A. E. (2012). 
Global convergence in the vulnerability of forests to drought. Nature, 491:752-755. 
Creed, I. F., Spargo, A. T., Jones, J. A., Buttle, J. M., Adams, M. B., Beall, F. D., Booth, 
E. G., Campbell, J. L., Clow, D., Elder, K., Green, M. B., Grimm, N. B., Miniat, C., 
Ramlal, P., Saha, A., Sebestyen, S., Spittlehouse, D., Sterling, S., Williams, M. W., 
Winkler, R., and Yao, H. (2014). Changing forest water yields in response to climate 
warming: Results from long-term experimental watershed sites across North Amer-
ica. Global Change Biology, 20:3191-3208. 
Crosbie, R. S., McCallum, J. L., Walker, G. R., and Chiew, F. H. S. (2010). Modelling 
climate-change impacts on groundwater recharge in the Murray-Darling Basin, Aus-
tralia. Hydrogeology Journal, 18:1639-1656. 
Crosbie, R. S., Pickett, T., Mpelasoka, F. S., Hodgson, G., Charles, S. P., and Barron, O. 
V. (2012). An assessment of the climate change impacts on groundwater recharge at 
a continental scale using a probabilistic approach with an ensemble of GCMs. Cli-
matic Change, 117:41-53. 
References
 
221 
 
Cunningham, S. C., Cavagnaro, T. R., Mac Nally, R., Paul, K. I., Baker, P. J., Beringer, 
J., Thomson, J. R., and Thompson, R. M. (2015). Reforestation with native mixed-
species plantings in a temperate continental climate effectively sequesters and stabi-
lizes carbon within decades. Global Change Biology, 21:1552-1566. 
Dai, A. G. (2011). Drought under global warming: a review. Wiley Interdisciplinary Re-
viewsClimate Change, 2:45-65. 
Dawes, W., Ali, R., Varma, S., Emelyanova, I., Hodgson, G., and McFarlane, D. (2012). 
Modelling the effects of climate and land cover change on groundwater recharge in 
south-west Western Australia. Hydrology and Earth System Sciences, 16:2709-2722. 
De Kauwe, M. G., Medlyn, B. E., Zaehle, S., Walker, A. P., Dietze, M. C., Hickler, T., 
Jain, A. K., Luo, Y., Parton, W. J., Prentice, I. C., Smith, B., Thornton, P. E., Wang, 
S., Wang, P., Wårlind, D., Weng, E., Crous, K. Y., Ellsworth, D. S., Hanson, P. J., 
Seok Kim, H., Warren, J. M., Oren, R., and Norby, R. J. (2013). Forest water use and 
water use efficiency at elevated CO2: A model-data intercomparison at two con-
trasting temperate forest FACE sites. Global Change Biology, 19:1759-1779. 
de Moura, Y. M., Hilker, T., Lyapustin, A. I., Galvão, L. S., dos Santos, J. R., Anderson, 
L. O., de Sousa, C. H. R., and Arai, E. (2015). Seasonality and drought effects of 
Amazonian forests observed from multi-angle satellite data. Remote Sensing of Envi-
ronment, 171:278-290. 
Decker, M., Pitman, A. J., and Evans, J. P. (2013). Groundwater Constraints on Simulated 
Transpiration Variability over Southeastern Australian Forests. Journal of Hydrome-
teorology, 14:543-559. 
Dehotin, J. and Braud, I. (2008). Which spatial discretization for distributed hydrological 
models? Proposition of a methodology and illustration for medium to large-scale 
catchments. Hydrology and Earth System Sciences, 12:769-796. 
Dell, B., Bartle, J. R., and Tacey, W. H. (1983). Root occupation and root channels of 
jarrah forest subsoils. Australian Journal of Botany, 31:615-627. 
Derogatis, L. R. and Melisaratos, N. (1983). The brief symptom inventory: an introduc-
tory report. Psychological Medicine, 13:595-605. 
References
 
222 
 
Dey, P. and Mishra, A. (2017). Separating the impacts of climate change and human ac-
tivities on streamflow: A review of methodologies and critical assumptions. Journal 
of Hydrology, 548:278-290. 
Doherty, J., and Hunt, R. J. (2009). Two statistics for evaluating parameter identifiability 
and error reduction. Journal of Hydrology, 366:119-127. 
Dong, G., Guo, J. X., Chen, J. Q., Sun, G., Gao, S., Hu, L. J., and Wang, Y. L. (2011). 
Effects of Spring Drought on Carbon Sequestration, Evapotranspiration and Water 
Use Efficiency in the Songnen Meadow Steppe in Northeast China. Ecohydrology, 
4:211-224. 
Donohue, R. J., McVicar, T. R., and Roderick, M. L. (2009). Climate-related trends in 
Australian vegetation cover as inferred from satellite observations, 1981-
2006. Global Change Biology, 15:1025-1039. 
Donohue, R. J., Roderick, M. L., and McVicar, T. R. (2010). Can dynamic vegetation 
information improve the accuracy of Budyko’s hydrological model? Journal of Hy-
drology, 390:23-34. 
Donohue, R. J., Roderick, M. L., and McVicar, T. R. (2012). Roots, storms and soil pores: 
Incorporating key ecohydrological processes into Budyko’s hydrological 
model. Journal of Hydrology, 436:35-50. 
Dorigo, W. A., Wagner, W., Hohensinn, R., Hahn, S., Paulik, C., Xaver, A., Gruber, A., 
Drusch, M., Mecklenburg, S., Van Oevelen, P., Robock, A., and Jackson, T. (2011). 
The International Soil Moisture Network: A data hosting facility for global in situ soil 
moisture measurements. Hydrology and Earth System Sciences, 15:1675-1698. 
Duan, H., Duursma, R. A., Huang, G., Smith, R. A., Choat, B., O’Grady, A. P., and Tissue, 
D. T. (2014). Elevated CO2 does not ameliorate the negative effects of elevated tem-
perature on drought-induced mortality in Eucalyptus radiata seedlings. Plant, Cell 
and Environment, 37:1598-1613. 
Duan, K., Sun, G., Sun, S., Caldwell, P. V., Cohen, E. C., McNulty, S. G., Aldridge, H. 
D., and Zhang, Y. (2016). Divergence of ecosystem services in U.S. National Forests 
and Grasslands under a changing climate. Scientific Reports, 6:24441. 
Duursma, R. A., Gimeno, T. E., Boer, M. M., Crous, K. Y., Tjoelker, M. G., and Ells-
worth, D. S. (2016). Canopy leaf area of a mature evergreen Eucalyptus woodland 
References
 
223 
 
does not respond to elevated atmospheric CO2 but tracks water availability. Global 
Change Biology, 22:1666-1676. 
Eamus, D., Boulain, N., Cleverly, J., and Breshears, D. D. (2013). Global change-type 
drought-induced tree mortality: Vapor pressure deficit is more important than 
temperature per se in causing decline in tree health. Ecology and Evolution, 3:2711-
2729. 
Eberbach, P. L. and Burrows, G. E. (2006). The transpiration response by four topograph-
ically distributed Eucalyptus species, to rainfall occurring during drought in south 
eastern Australia. Physiologia Plantarum, 127:483-493. 
Evans, B. and Lyons, T. (2013). Bioclimatic extremes drive forest mortality in southwest, 
Western Australia. Climate, 1:28-52. 
Evans, B., Lyons, T. J., Barber, P. A., Stone, C., and Hardy, G. (2012). Dieback 
classification modelling using high-resolution digital multispectral imagery andin 
situassessments of crown condition. Remote Sensing Letters, 3:541-550. 
Evans, B., Stone, C., and Barber, P. (2013). Linking a decade of forest decline in the 
south-west of Western Australia to bioclimatic change. Australian Forestry, 76:164-
172. 
Evans, J. P. and McCabe, M. F. (2013). Effect of model resolution on a regional climate 
model simulation over southeast Australia. Climate Research, 56:131-145. 
Fan, Y., Li, H., and Miguez-Macho, G. (2013). Global patterns of groundwater table 
depth. Science, 339:940-3. 
Fang, Y., Sun, G., Caldwell, P., McNulty, S. G., Noormets, A., Domec, J. C., King, J., 
Zhang, Q., Zhang, X. D., Lin, G. H., Zhou, G. S., Xiao, J. F., and Chen, J. Q. (2016). 
Monthly land cover-specific evapotranspiration models derived from global eddy flux 
measurements and remote sensing data. Ecohydrology, 9:248-266. 
Farley, K. A., Jobbagy, E. G., and Jackson, R. B. (2005). Effects of afforestation on water 
yield: a global synthesis with implications for policy. Global Change Biology, 
11:1565-1576. 
References
 
224 
 
Farrington, P., Greenwood, E. A. N., Bartle, G. A., Beresford, J. D., and Watson, G. D. 
(1989). Evaporation from banksia woodland on a groundwater mound. Journal of Hy-
drology, 105:173-186. 
Fatichi, S., Vivoni, E. R., Ogden, F. L., Ivanov, V. Y., Mirus, B., Gochis, D., Downer, C. 
W., Camporese, M., Davison, J. H., Ebel, B. A., Jones, N., Kim, J., Mascaro, G., 
Niswonger, R., Restrepo, P., Rigon, R., Shen, C., Sulis, M., and Tarboton, D. (2016). 
An overview of current applications, challenges, and future trends in distributed pro-
cess-based models in hydrology. Journal of Hydrology, 537:45-60. 
Feldpausch, T. R., Phillips, O. L., Brienen, R. J. W., Gloor, E., Lloyd, J., Lopez-Gonzalez, 
G., Monteagudo-Mendoza, A., Malhi, Y., Alarcon, A., Davila, E. A., Alvarez-Loayza, 
P., Andrade, A., Aragao, L. E. O. C., Arroyo, L., Aymard, G. A., Baker, T. R., Baral-
oto, C., Barroso, J., Bonal, D., Castro, W., Chama, V., Chave, J., Domingues, T. F., 
Fauset, S., Groot, N., Coronado, E. H., Laurance, S., Laurance, W. F., Lewis, S. L., 
Licona, J. C., Marimon, B. S., Marimon, B. H., Bautista, C. M., Neill, D. A., Oliveira, 
E. A., dos Santos, C. O., Camacho, N. C. P., Pardo-Molina, G., Prieto, A., Quesada, 
C. A., Ramirez, F., Ramirez-Angulo, H., Rejou-Mechain, M., Rudas, A., Saiz, G., 
Salomao, R. P., Silva-Espejo, J. E., Silveira, M., ter Steege, H., Stropp, J., Terborgh, 
J., Thomas-Caesar, R., van der Heijden, G. M. F., Martinez, R. V., Vilanova, E., and 
Vos, V. A. (2016). Amazon forest response to repeated droughts. Global Biogeo-
chemical Cycles, 30:964-982. 
Fensham, R. J. and Fairfax, R. J. (2007). Drought-related tree death of savanna eucalypts: 
Species susceptibility, soil conditions and root architecture. Journal of Vegetation 
Science, 18:71-80. 
Frank, D. C., Poulter, B., Saurer, M., Esper, J., Huntingford, C., Helle, G., Treydte, K., 
Zimmermann, N. E., Schleser, G. H., Ahlstrom, A., Ciais, P., Friedlingstein, P., Levis, 
S., Lomas, M., Sitch, S., Viovy, N., Andreu-Hayles, L., Bednarz, Z., Berninger, F., 
Boettger, T., D’Alessandro, C. M., Daux, V., Filot, M., Grabner, M., Gutierrez, E., 
Haupt, M., Hilasvuori, E., Jungner, H., Kalela-Brundin, M., Krapiec, M., Leuenberger, 
M., Loader, N. J., Marah, H., Masson-Delmotte, V., Pazdur, A., Pawelczyk, S., Pierre, 
M., Planells, O., Pukiene, R., Reynolds-Henne, C. E., Rinne, K. T., Saracino, A., Son-
ninen, E., Stievenard, M., Switsur, V. R., Szczepanek, M., Szychowska-Krapiec, E., 
References
 
225 
 
Todaro, L., Waterhouse, J. S., and Weigl, M. (2015). Water-use efficiency and tran-
spiration across European forests during the Anthropocene. Nature Climate Change, 
5:579-583. 
Friedl, M. A., Sulla-Menashe, D., Tan, B., Schneider, A., Ramankutty, N., Sibley, A., 
and Huang, X. M. (2010). MODIS Collection 5 global land cover: Algorithm refine-
ments and characterization of new datasets. Remote Sensing of Environment, 
114:168-182. 
Fu, G., Liu, Z., Charles, S. P., Xu, Z., and Yao, Z. (2013). A score-based method for 
assessing the performance of GCMs: A case study of southeastern Australia. Journal 
of Geophysical Research Atmospheres, 118:4154-4167. 
Gallant, A. J. E., Reeder, M. J., Risbey, J. S., and Hennessy, K. J. (2013). The character-
istics of seasonal-scale droughts in Australia, 1911-2009. International Journal of 
Climatology, 33:1658-1672. 
Gang, C. C., Wang, Z. Q., Chen, Y. Z., Yang, Y., Li, J. L., Cheng, J. M., Qi, J. G., and 
Odeh, I. (2016). Drought-induced dynamics of carbon and water use efficiency of 
global grasslands from 2000 to 2011. Ecological Indicators, 67:788-797. 
Gao, G., Fu, B., Wang, S., Liang, W., and Jiang, X. (2016). Determining the hydrological 
responses to climate variability and land use/cover change in the Loess Plateau with 
the Budyko framework. Science of The Total Environment, 557:331-342. 
Garrity, S. R., Allen, C. D., Brumby, S. P., Gangodagamage, C., McDowell, N. G., and 
Cai, D. M. (2013). Quantifying tree mortality in a mixed species woodland using mul-
titemporal high spatial resolution satellite imagery. Remote Sensing of Environment, 
129:54-65. 
Ge, Z. M., Kellomäki, S., Zhou, X., and Peltola, H. (2014). The role of climatic variability 
in controlling carbon and water budgets in a boreal Scots pine forest during ten grow-
ing seasons. Boreal Environment Research, 19:181-194. 
Gedalof, Z. and Berg, A. A. (2010). Tree ring evidence for limited direct CO2 fertilization 
of forests over the 20th century. Global Biogeochemical Cycles, 24:GB3027 
Gergis, J., Gallant, A. J. E., Braganza, K., Karoly, D. J., Allen, K., Cullen, L., D’Arrigo, 
R., Goodwin, I., Grierson, P., and McGregor, S. (2011). On the long-term context of 
References
 
226 
 
the 1997-2009 ‘Big Dry’ in South-Eastern Australia: insights from a 206-year multi-
proxy rainfall reconstruction. Climatic Change, 111:923-944. 
Girardin, M. P., Hogg, E. H., Bernier, P. Y., Kurz, W. A., Guo, X. J., and Cyr, G. (2016). 
Negative impacts of high temperatures on growth of black spruce forests intensify 
with the anticipated climate warming. Global Change Biology, 22:627-643. 
Haavik, L. J., Billings, S. A., Guldin, J. M., and Stephen, F. M. (2015). Emergent insects, 
pathogens and drought shape changing patterns in oak decline in North America and 
Europe. Forest Ecology and Management, 354:190-205. 
Haddeland, I., Heinke, J., Biemans, H., Eisner, S., Flörke, M., Hanasaki, N., Konzmann, 
M., Ludwig, F., Masaki, Y., Schewe, J., Stacke, T., Tessler, Z. D., Wada, Y., and 
Wisser, D. (2014). Global water resources affected by human interventions and cli-
mate change. Proceedings of the National Academy of Sciences, 111:3251-3256. 
Harper, R. J., Smettem, K. R. J., Carter, J. O., and McGrath, J. F. (2009). Drought deaths 
in Eucalyptus globulus (Labill.) plantations in relation to soils, geomorphology and 
climate. Plant and Soil, 324:199-207. 
Hartmann, D. L., Tank, A. M. G. K., Rusticucci, M., Alexander, L. V., Brönnimann, S., 
Charabi, Y., Dentener, F. J., E.J.Dlugokencky, D. R. E., Kaplan, A., Soden, B. J., 
Thorne, P. W., Wild, M., Zhai, P. M., and Stocker D. Qin (2013). Observations:At-
mosphere and Surface. In:Climate Change 2013: The Physical Science Basis. Contri-
bution of Working Group I to the Fifth Assessment Report of the Intergovernmental 
Panel on Climate Change. Cambridge University Press, Cambridge, United Kingdom 
and New York, NY, USA. 
Hartmann, H., Adams, H. D., Anderegg, W. R. L., Jansen, S., and Zeppel, M. J. B. (2015). 
Research frontiers in drought-induced tree mortality: Crossing scales and disci-
plines. New Phytologist, 205:965-969. 
Haverd, V., Raupach, M. R., Briggs, P. R., Canadell, J. G., Isaac, P., Pickett-Heaps, C., 
Roxburgh, S. H., van Gorsel, E., Rossel, R. A. V., and Wang, Z. (2013). Multiple 
observation types reduce uncertainty in Australia’s terrestrial carbon and water cy-
cles. Biogeosciences, 10:2011-2040. 
References
 
227 
 
Haverd, V., Smith, B., and Trudinger, C. (2016). Dryland vegetation response to wet 
episode, not inherent shift in sensitivity to rainfall, behind Australia's role in 2011 
global carbon sink anomaly. Global Change Biology, 22:2315-2316. 
He, M. Z., Ju, W. M., Zhou, Y. L., Chen, J. M., He, H. L., Wang, S. Q., Wang, H. M., 
Guan, D. X., Yan, J. H., Li, Y. N., Hao, Y. B., and Zhao, F. H. (2013). Development 
of a twoleaf light use efficiency model for improving the calculation of terrestrial 
gross primary productivity. Agricultural and Forest Meteorology, 173:28-39. 
Head, L., Adams, M., McGregor, H. V., and Toole, S. (2013). Climate change and Aus-
tralia. Wiley Interdisciplinary Reviews: Climate Change, 5:175-197. 
Heim, R. R. (2002). A review of twentieth-century drought indices used in the United 
States. Bulletin of the American Meteorological Society, 83:1149-1165. 
Helman, D., Osem, Y., Yakir, D., and Lensky, I. M. (2017). Relationships between cli-
mate, topography, water use and productivity in two key Mediterranean forest types 
with different water-use strategies. Agricultural and Forest Meteorology, 232:319-
330. 
Hilker, T., Lyapustin, A. I., Tucker, C. J., Hall, F. G., Myneni, R. B., Wang, Y., Bi, J., 
Mendes de Moura, Y., and Sellers, P. J. (2014). Vegetation dynamics and rainfall 
sensitivity of the Amazon. Proceedings of the National Academy of Sciences, 
111:16041-16046. 
Hill, M. J., Senarath, U., Lee, A., Zeppel, M., Nightingale, J. M., Williams, R. D. J., and 
McVicar, T. R. (2006). Assessment of the MODIS LAI product for Australian eco-
systems. Remote Sensing of Environment, 101:495-518. 
Hope, P. K., Drosdowsky, W., and Nicholls, N. (2006). Shifts in the synoptic systems 
influencing southwest Western Australia. Climate Dynamics, 26:751-764. 
Hope, P., and Ganter, C. (2010). Recent and projected rainfall trends in south-west 
Australia and the associated shifts in weather systems. Managing Climate Change, 
5:53-63. 
Huang, L., He, B., Chen, A., Wang, H., Liu, J., Lű, A., and Chen, Z. (2016). Drought 
dominates the interannual variability in global terrestrial net primary production by 
controlling semi-arid ecosystems. Scientific Reports, 6:24639. 
References
 
228 
 
Huang, M., Piao, S., Sun, Y., Ciais, P., Cheng, L., Mao, J., Poulter, B., Shi, X., Zeng, Z., 
and Wang, Y. (2015). Change in terrestrial ecosystem water-use efficiency over the 
last three decades. Global Change Biology, 21:2366-2378. 
Huang, M., Piao, S., Zeng, Z., Peng, S., Ciais, P., Cheng, L., Mao, J., Poulter, B., Shi, X., 
Yao, Y., Yang, H., and Wang, Y. (2016). Seasonal responses of terrestrial ecosystem 
water-use efficiency to climate change. Global Change Biology, 22:2165-2177. 
Hughes, J. D., Petrone, K. C., and Silberstein, R. P. (2012). Drought, groundwater storage 
and stream flow decline in southwestern Australia. Geophysical Research Letters, 
39:L03408. 
Hutchinson, M. (2014). Monthly daily maximum temperature: ANUClimate 1.0, 0.01 de-
gree, Australian Coverage, 1970-2012. National Computational Infrastructure. 
Hwang, T., Band, L. E., Miniat, C. F., Song, C., Bolstad, P. V., Vose, J. M., and Love, J. 
P. (2014). Divergent phenological response to hydroclimate variability in forested 
mountain watersheds. Global Change Biology, 20:2580-2595. 
Ichii, K., Kawabata, A., and Yamaguchi, Y. (2002). Global correlation analysis for NDVI 
and climatic variables and NDVI trends: 1982-1990. International Journal of Remote 
Sensing, 23:3873-3878. 
IPCC (2013). Climate Change 2013: The Physical Science Basis. Working Group I Con-
tribution to the Fifth Assessment Report of the Intergovernmental Panel on Climate 
Change. Cambridge University Press, Cambridge, UK.  
Islam, S. A., Bari, M. A., and Anwar, A. H. M. F. (2014). Hydrologic impact of climate 
change on Murray-Hotham catchment of Western Australia: a projection of rainfall-
runoff for future water resources planning. Hydrology and Earth System Sciences, 
18:3591-3614. 
Janssens, I. A., Lankreijer, H., Matteucci, G., Kowalski, A. S., Buchmann, N., Epron, D., 
Pilegaard, K., Kutsch, W., Longdoz, B., Grunwald, T., Montagnani, L., Dore, S., 
Rebmann, C., Moors, E. J., Grelle, A., Rannik, U., Morgenstern, K., Oltchev, S., 
Clement, R., Gudmundsson, J., Minerbi, S., Berbigier, P., Ibrom, A., Moncrieff, J., 
Aubinet, M., Bernhofer, C., Jensen, N. O., Vesala, T., Granier, A., Schulze, E. D., 
Lindroth, A., Dolman, A. J., Jarvis, P. G., Ceulemans, R., and Valentini, R. (2001). 
References
 
229 
 
Productivity overshadows temperature in determining soil and ecosystem respiration 
across European forests. Global Change Biology, 7:269-278. 
Jasechko, S., Sharp, Z. D., Gibson, J. J., Birks, S. J., Yi, Y., and Fawcett, P. J. (2013). 
Terrestrial water fluxes dominated by transpiration. Nature, 496:347-50. 
Jiang, C., Xiong, L. H., Wang, D. B., Liu, P., Guo, S. L., and Xu, C. Y. (2015). Separating 
the impacts of climate change and human activities on runoff using the Budyko-type 
equations with time-varying parameters. Journal of Hydrology, 522:326-338. 
Jones, D. A., Wang, W., and Fawcett, R. (2007). Climate Data for the Australian Water 
Availability Project: Final Milestone Report. Bureau of Meteorology, Melbourne, 
3001. 
Jones, D. A., Wang, W., and Fawcett, R. (2009). High-quality spatial climate data-sets 
for Australia. Australian Meteorological and Oceanographic Journal, 58:233-248. 
Jonsson, P. and Eklundh, L. (2004). TIMESAT - a program for analyzing time-series of 
satellite sensor data. Computers & Geosciences, 30:833-845. 
Jump, A. S., Ruiz-Benito, P., Greenwood, S., Allen, C. D., Kitzberger, T., Fensham, R., 
Martínez-Vilalta, J., and Lloret, F. (2017). Structural overshoot of tree growth with 
climate variability and the global spectrum of drought-induced forest dieback. Global 
Change Biology, 23:3742-3757. 
Jung, M., Reichstein, M., Ciais, P., Seneviratne, S. I., Sheffield, J., Goulden, M. L., Bonan, 
G., Cescatti, A., Chen, J., de Jeu, R., Dolman, A. J., Eugster, W., Gerten, D., Gianelle, 
D., Gobron, N., Heinke, J., Kimball, J., Law, B. E., Montagnani, L., Mu, Q., Mueller, 
B., Oleson, K., Papale, D., Richardson, A. D., Roupsard, O., Running, S., Tomelleri, 
E., Viovy, N., Weber, U., Williams, C., Wood, E., Zaehle, S., and Zhang, K. (2010). 
Recent decline in the global land evapotranspiration trend due to limited moisture 
supply. Nature, 467:951-4. 
Jung, M., Reichstein, M., Margolis, H. A., Cescatti, A., Richardson, A. D., Arain, M. A., 
Arneth, A., Bernhofer, C., Bonal, D., Chen, J., Gianelle, D., Gobron, N., Kiely, G., 
Kutsch, W., Lasslop, G., Law, B. E., Lindroth, A., Merbold, L., Montagnani, L., 
Moors, E. J., Papale, D., Sottocornola, M., Vaccari, F., and Williams, C. (2011). 
Global patterns of land-atmosphere fluxes of carbon dioxide, latent heat, and sensible 
References
 
230 
 
heat derived from eddy covariance, satellite, and meteorological observations. Jour-
nal of Geophysical Research: Biogeosciences, 116:G00J07. 
Jurskis, V. (2005). Eucalypt decline in Australia, and a general concept of tree decline 
and dieback. Forest Ecology and Management, 215:1-20. 
Keenan, T. F., Gray, J., Friedl, M. A., Toomey, M., Bohrer, G., Hollinger, D. Y., Munger, 
J. W., O’Keefe, J., Schmid, H. P., SueWing, I., Yang, B., and Richardson, A. D. 
(2014). Net carbon uptake has increased through warming-induced changes in tem-
perate forest phenology. Nature Climate Change, 4:598-604. 
Keenan, T. F., Hollinger, D. Y., Bohrer, G., Dragoni, D., Munger, J. W., Schmid, H. P., 
and Richardson, A. D. (2013). Increase in forest water-use efficiency as atmospheric 
carbon dioxide concentrations rise. Nature, 499:324-7. 
Keith, H., van Gorsel, E., Jacobsen, K. L., and Cleugh, H. A. (2012). Dynamics of carbon 
exchange in a Eucalyptus forest in response to interacting disturbance factors. Agri-
cultural and Forest Meteorology, 153:67-81. 
Kelley, D. I. and Harrison, S. P. (2014). Enhanced Australian carbon sink despite in-
creased wildfire during the 21st century. Environmental Research Letters, 9:104015. 
Kilinc, M., Beringer, J., Hutley, L. B., Tapper, N. J., and McGuire, D. A. (2013). Carbon 
and water exchange of the world’s tallest angiosperm forest. Agricultural and Forest 
Meteorology, 182:215-224. 
Kinal, J. and Stoneman, G. L. (2011). Hydrological impact of two intensities of timber 
harvest and associated silviculture in the jarrah forest in south-western Aus-
tralia. Journal of Hydrology, 399:108-120. 
Kinal, J. and Stoneman, G. L. (2012). Disconnection of groundwater from surface water 
causes a fundamental change in hydrology in a forested catchment in south-western 
Australia. Journal of Hydrology, 472:14-24. 
King, E., van Niel, T., van Kijk, A., Wang, Z., Paget, M., Raupach, T., Gueschman, J., 
Haverd, V., McVicar, T., Miltenburg, I., Raupach, M., Renzullo, L., and Zhang, Y. 
(2011). Actual Evapotranspiraiton Estimates for Australia Inter-comparison and Eval-
uation. CSIRO: Water for a Healthy Country National Research Flagship. 
References
 
231 
 
Knauer, J., Zaehle, S., Reichstein, M., Medlyn, B. E., Forkel, M., Hagemann, S., and 
Werner, C. (2017). The response of ecosystem water-use efficiency to rising 
atmospheric CO2 concentrations: sensitivity and large-scale biogeochemical 
implications. New Phytologist, 213:1654-1666. 
Kollet, S. J., Maxwell, R. M., Woodward, C. S., Smith, S., Vanderborght, J., Vereecken, 
H., and Simmer, C. (2010). Proof of concept of regional scale hydrologic simulations 
at hydrologic resolution utilizing massively parallel computer resources. Water Re-
sources Research, 46. 
Koutavas, A. (2013). CO2 fertilization and enhanced drought resistance in Greek firs from 
Cephalonia Island, Greece. Global Change Biology, 19:529-539. 
Law, B. E. (2014). Regional analysis of drought and heat impacts on forests: Current and 
future science directions. Global Change Biology, 20:3595-3599. 
Le, P. V. V., Kumar, P., Valocchi, A. J., and Dang, H. V. (2015). GPU-based high-per-
formance computing for integrated surface-sub-surface flow modeling. Environmen-
tal Modelling & Software, 73:1-13. 
Leblanc, M. J., Tregoning, P., Ramillien, G., Tweed, S. O., and Fakes, A. (2009). Basin-
scale, integrated observations of the early 21st century multiyear drought in southeast 
Australia. Water Resources Research, 45:W04408. 
Leitinger, G., Ruggenthaler, R., Hammerle, A., Lavorel, S., Schirpke, U., Clement, J. C., 
Lamarque, P., Obojes, N., and Tappeiner, U. (2015). Impact of droughts on water 
provision in managed alpine grasslands in two climatically different regions of the 
Alps. Ecohydrology, 8:1600-1613. 
Leuning, R., Cleugh, H. A., Zegelin, S. J., and Hughes, D. (2005). Carbon and water 
fluxes over a temperate Eucalyptus forest and a tropical wet/dry savanna in Australia: 
measurements and comparison with MODIS remote sensing estimates. Agricultural 
and Forest Meteorology, 129:151-173. 
Lévesque, M., Siegwolf, R., Saurer, M., Eilmann, B., and Rigling, A. (2014). Increased 
water-use efficiency does not lead to enhanced tree growth under xeric and mesic 
conditions. New Phytologist, 203:94-109. 
References
 
232 
 
Li, A. N., Zhao, W., and Deng, W. (2015). A Quantitative Inspection on Spatio-Temporal 
Variation of Remote Sensing-Based Estimates of Land Surface Evapotranspiration in 
South Asia. Remote Sensing, 7:4726-4752. 
Li, D., Pan, M., Cong, Z. T., Zhang, L., and Wood, E. (2013). Vegetation control on water 
and energy balance within the Budyko framework. Water Resources Research, 
49:969-976. 
Li, H. Y., Zhang, Y. Q., Vaze, J., and Wang, B. D. (2012). Separating effects of vegetation 
change and climate variability using hydrological modelling and sensitivity-based ap-
proaches. Journal of Hydrology, 420:403-418. 
Li, Q., Wei, X. H., Zhang, M. F., Liu, W. F., Fan, H. B., Zhou, G. Y., Giles-Hansen, K., 
Liu, S. R., and Wang, Y. (2017). Forest cover change and water yield in large forested 
watersheds: A global synthetic assessment. Ecohydrology, 10:e1838. 
Li, T. J., Wang, G. Q., Chen, J., and Wang, H. (2011). Dynamic parallelization of hydro-
logical model simulations. Environmental Modelling & Software, 26:1736-1746. 
Liu, J., Chen, J. M., Cihlar, J., and Park, W. M. (1997). A process-based boreal ecosystem 
productivity simulator using remote sensing inputs. Remote Sensing of Environment, 
62:158- 175. 
Liu, N., Harper, R. J., Dell, B., Liu, S., and Yu, Z. (2017). Vegetation dynamics and 
rainfall sensitivity for different vegetation types of the Australian continent in the dry 
period 2002-2010. Ecohydrology, 10:e1811. 
Liu, N., Sun, P.-S., Liu, S.-R., and Sun, G. (2013a). Coupling simulation of water-carbon 
processes for catchment-calibration and validation of the WaSSI-C model. Chinese 
Journal of Plant Ecology, 37:492-502. 
Liu, N., Sun, P.-S., Liu, S.-R., and Sun, G. (2013b). Determination of spatial scale of 
response unit for the WASSI-C eco-hydrological model-a case study on the upper 
Zagunao River watershed of China. Chinese Journal of Plant Ecology, 37:132-141. 
Liu, Y., Xiao, J., Ju, W., Zhou, Y., Wang, S., and Wu, X. (2015). Water use efficiency of 
China’s terrestrial ecosystems and responses to drought. Scientific Reports, 5:13799. 
References
 
233 
 
Lu, X. L. and Zhuang, Q. L. (2010). Evaluating evapotranspiration and water-use effi-
ciency of terrestrial ecosystems in the conterminous United States using MODIS and 
AmeriFlux data. Remote Sensing of Environment, 114:1924-1939. 
Ma, J., Yan, X., Dong, W., and Chou, J. (2015). Gross primary production of global forest 
ecosystems has been overestimated. Scientific Reports, 5:10820. 
Maisongrande, P., Duchemin, B., and Dedieu, G. (2004). VEGETATION/SPOT: an op-
erational mission for the Earth monitoring; presentation of new standard products. In-
ternational Journal of Remote Sensing, 25:9-14. 
Matusick, G., Ruthrof, K. X., and Hardy, G. S. J. (2012). Drought and Heat Triggers 
Sudden and Severe Dieback in a Dominant Mediterranean-Type Woodland Spe-
cies. Open Journal of Forestry, 2:183-186. 
Matusick, G., Ruthrof, K. X., Brouwers, N. C., Dell, B., and Hardy, G. S. (2013). Sudden 
forest canopy collapse corresponding with extreme drought and heat in a mediterra-
nean-type eucalypt forest in southwestern Australia. European Journal of Forest Re-
search, 132:497- 510. 
Matusick, G., Ruthrof, K. X., Fontaine, J. B., and Hardy, G. E. S. (2016). Eucalyptus 
forest shows low structural resistance and resilience to climate change-type 
drought. Journal of Vegetation Science, 27:493-503. 
McAlpine, C. A., Syktus, J., Deo, R. C., Lawrence, P. J., McGowan, H. A., Watterson, I. 
G., and Phinn, S. R. (2007). Modeling the impact of historical land cover change on 
Australia’s regional climate. Geophysical Research Letters, 34. 
McFarlane, D., Stone, R., Martens, S., Thomas, J., Silberstein, R., Ali, R., and Hodgson, 
G. (2012). Climate change impacts on water yields and demands in south-western 
Australia. Journal of Hydrology, 475:488-498. 
McGrath, G. S., Sadler, R., Fleming, K., Tregoning, P., Hinz, C., and Veneklaas, E. J. 
(2012). Tropical cyclones and the ecohydrology of Australia’s recent continental-
scale drought. Geophysical Research Letters, 39. 
Mckee, T. B., Doesken, N. J., and Kleist, J. (1993). The relationship of drought frequency 
and duration to time scales. Preprints, 8th Conference on Applied Climatology, pp. 
179–184. January 17–22, Anaheim, California. 
References
 
234 
 
McKenzie, N., Jacquier, D., Ashton, L., and Cresswell, H. (2000). Estimation of soil 
properties using the atlas of australian soils. Technical Report 11/00, CSIRO Land 
and Water, Canberra. 
Meir, P., Mencuccini, M., and Dewar, R. C. (2015). Drought-related tree mortality: Ad-
dressing the gaps in understanding and prediction. New Phytologist, 207:28-33. 
Meng, X. H., Evans, J. P., and McCabe, M. F. (2014). The Impact of Observed Vegetation 
Changes on Land-Atmosphere Feedbacks During Drought. Journal of Hydrometeor-
ology, 15:759-776. 
Metz, J., Annighöfer, P., Schall, P., Zimmermann, J., Kahl, T., Schulze, E. D., and Am-
mer, C. (2016). Site-adapted admixed tree species reduce drought susceptibility of 
mature European beech. Global Change Biology, 22:903-920. 
Mishra, A. K. and Singh, V. P. (2011). Drought modeling - A review. Journal of Hydrol-
ogy, 403:157-175. 
Mitchell, P. J., Benyon, R. G., and Lane, P. N. J. (2012). Responses of evapotranspiration 
at different topographic positions and catchment water balance following a pro-
nounced drought in a mixed species eucalypt forest, Australia. Journal of Hydrology, 
440:62-74. 
Mitchell, P. J., O’Grady, A. P., Tissue, D. T., White, D. A., Ottenschlaeger, M. L., and 
Pinkard, E. A. (2013). Drought response strategies define the relative contributions of 
hydraulic dysfunction and carbohydrate depletion during tree mortality. New Phytol-
ogist, 197:862-872. 
Moser, G., Schuldt, B., Hertel, D., Horna, V., Coners, H., Barus, H., and Leuschner, C. 
(2014). Replicated throughfall exclusion experiment in an Indonesian perhumid rain-
forest: Wood production, litter fall and fine root growth under simulated 
drought. Global Change Biology, 20:1481-1497. 
Mu, Q. Z., Zhao, M. S., and Running, S. W. (2011). Evolution of hydrological and carbon 
cycles under a changing climate. Part III: global change impacts on landscape scale 
evapotranspiration. Hydrological Processes, 25:4093-4102. 
Mu, Q. Z., Zhao, M. S., Kimball, J. S., McDowell, N. G., and Running, S. W. (2013). A 
Remotely Sensed Global Terrestrial Drought Severity Index. Bulletin of the American 
Meteorological Society, 94:83-98. 
References
 
235 
 
Murphy, B. F. and Timbal, B. (2008). A review of recent climate variability and climate 
change in southeastern Australia. International Journal of Climatology, 28:859-879. 
Murphy, B. P. and Bowman, D. M. J. S. (2012). What controls the distribution of tropical 
forest and savanna? Ecology Letters, 15:748-758. 
Nash, J. E. and Sutcliffe, J. V. (1970). River flow forecasting through conceptual models 
part I - A discussion of principles. Journal of Hydrology, 10:282-290. 
Nepstad, D. C., Decarvalho, C. R., Davidson, E. A., Jipp, P. H., Lefebvre, P. A., Negrei-
ros, G. H., Dasilva, E. D., Stone, T. A., Trumbore, S. E., and Vieira, S. (1994). the 
role of deep roots in the hydrological and carbon cycles of Amazonian forests and 
pastures. Nature, 372:666-669. 
Nepstad, D., Lefebvre, P., Da Silva, U. L., Tomasella, J., Schlesinger, P., Solorzano, L., 
Moutinho, P., Ray, D., and Benito, J. G. (2004). Amazon drought and its implications 
for forest flammability and tree growth: a basin-wide analysis. Global Change Biol-
ogy, 10:704-717. 
Newingham, B. A., Vanier, C. H., Charlet, T. N., Ogle, K., Smith, S. D., and Nowak, R. 
S. (2013). No cumulative effect of 10 years of elevated CO2 on perennial plant bio-
mass components in the Mojave Desert. Global Change Biology, 19:2168-2181. 
Niu, S. L., Xing, X. R., Zhang, Z., Xia, J. Y., Zhou, X. H., Song, B., Li, L. H., and Wan, 
S. Q. (2011). Water-use efficiency in response to climate change: from leaf to ecosys-
tem in a temperate steppe. Global Change Biology, 17:1073-1082. 
Northcote, K. H., Hubble, G., Isbell, R., Thompson, C., and Bettenay, E. (1975). A 
description of Australian soils. Commonwealth Scientific and Industrial Research 
Organization, c1975 pp.164-167. 
Novick, K. A., Oishi, A. C., Ward, E. J., Siqueira, M. B. S., Juang, J. Y., and Stoy, P. C. 
(2015). On the difference in the net ecosystem exchange of CO2 between deciduous 
and evergreen forests in the southeastern United States. Global Change Biology, 
21:827-842. 
Ogaya, R., Barbeta, A., Bas¸nou, C., and Peñuelas, J. (2014). Satellite data as indicators 
of tree biomass growth and forest dieback in a Mediterranean holm oak forest. Annals 
of Forest Science, 72:135-144. 
References
 
236 
 
Owe, M., de Jeu, R., and Holmes, T. (2008). Multisensor historical climatology of satel-
lite-derived global land surface moisture. Journal of Geophysical Research-Earth 
Surface, 113. 
Paruelo, J. M., Epstein, H. E., Lauenroth, W. K., and Burke, I. C. (1997). ANPP estimates 
from NDVI for the Central Grassland Region of the United States. Ecology, 78:953-
958. 
Peel, M. C., Finlayson, B. L., and McMahon, T. A. (2007). Updated world map of the 
Koppen-Geiger climate classification. Hydrology and Earth System Sciences, 
11:1633-1644. 
Peers, M. J. L., Wehtje, M., Thornton, D. H., and Murray, D. L. (2014). Prey switching 
as a means of enhancing persistence in predators at the trailing southern edge. Global 
Change Biology, 20:1126-1135. 
Pekel, J. F., Cottam, A., Gorelick, N., and Belward, A. S. (2016). High-resolution map-
ping of global surface water and its long-term changes. Nature, 540:418-422. 
Penman, H. L. (1948). Natural Evaporation from Open Water, Bare Soil and Grass. 
Proceedings of the Royal Society of London Series a-Mathematical and Physical 
Sciences, 193:120-145. 
Peñuelas, J., Canadell, J. G., and Ogaya, R. (2011). Increased water-use efficiency during 
the 20th century did not translate into enhanced tree growth. Global Ecology and Bi-
ogeography, 20:597-608. 
Petrone, K. C., Hughes, J. D., Van Niel, T. G., and Silberstein, R. P. (2010). Streamflow 
decline in southwestern Australia, 1950-2008. Geophysical Research Letters, 
37:L11401. 
Pettitt, A. N. (1979). A Non-Parametric Approach to the Change-Point Problem. Applied 
Statistics, 28:126. 
Pettorelli, N., Vik, J. O., Mysterud, A., Gaillard, J. M., Tucker, C. J., and Stenseth, N. C. 
(2005). Using the satellite-derived NDVI to assess ecological responses to environ-
mental change. Trends in Ecology and Evolution, 20:503-510. 
Phillips, O. L. and Lewis, S. L. (2014). Evaluating the tropical forest carbon sink. Global 
Change Biology, 20:2039-2041. 
References
 
237 
 
Phillips, O. L., Van Der Heijden, G., Lewis, S. L., López-González, G., Aragão, L. E., 
Lloyd, J., Malhi, Y., Monteagudo, A., Almeida, S., Dávila, E. A., et al. (2010). 
Drought-mortality relationships for tropical forests. New Phytologist, 187:631-646. 
Phillips, O., Aragao, L., Lewis, S., Fisher, J., Lloyd, J., Lopez-Gonzalez, G., Malhi, Y., 
Monteagudo, A., Peacock, J., Quesada, C., Heijden, G. v. d., and Almeida, S. (2009). 
Drought sensitivity of the Amazon carbon sink. IOP Conference Series: Earth and 
Environmental Science, 6:042004. 
Piao, S., Yin, G., Tan, J., Cheng, L., Huang, M., Li, Y., Liu, R., Mao, J., Myneni, R. B., 
Peng, S., Poulter, B., Shi, X., Xiao, Z., Zeng, N., Zeng, Z., and Wang, Y. (2015). 
Detection and attribution of vegetation greening trend in China over the last 30 
years. Global Change Biology, 21:1601-1609. 
Pickett-Heaps, C. A., Canadell, J. G., Briggs, P. R., Gobron, N., Haverd, V., Paget, M. J., 
Pinty, B., and Raupach, M. R. (2014). Evaluation of six satellite-derived Fraction of 
Absorbed Photosynthetic Active Radiation (FAPAR) products across the Australian 
continent. Remote Sensing of Environment, 140:241-256. 
Pitman, A. J., Narisma, G. T., Pielke, R. A., and Holbrook, N. J. (2004). Impact of land 
cover change on the climate of southwest Western Australia. Journal of Geophysical 
Research-Atmospheres, 109. 
Polglase, P. J., Reeson, A., Hawkins, C. S., Paul, K. I., Siggins, A. W., Turner, J., Craw-
ford, D. F., Jovanovic, T., Hobbs, T. J., Opie, K., Carwardine, J., and Almeida, A. 
(2013). Potential for forest carbon plantings to offset greenhouse emissions in Aus-
tralia: economics and constraints to implementation. Climatic Change, 121:161-175. 
Ponce Campos, G. E., Moran, M. S., Huete, A., Zhang, Y., Bresloff, C., Huxman, T. E., 
Eamus, D., Bosch, D. D., Buda, A. R., Gunter, S. A., Scalley, T. H., Kitchen, S. G., 
McClaran, M. P., McNab, W. H., Montoya, D. S., Morgan, J. A., Peters, D. P., Sadler, 
E. J., Seyfried, M. S., and Starks, P. J. (2013). Ecosystem resilience despite large-
scale altered hydroclimatic conditions. Nature, 494:349-52. 
Pouliot, D., Latifovic, R., and Olthof, I. (2009). Trends in vegetation NDVI from 1 km 
AVHRR data over Canada for the period 1985-2006. International Journal of Remote 
Sensing, 30:149-168. 
References
 
238 
 
Poulter, B., Frank, D., Ciais, P., Myneni, R. B., Andela, N., Bi, J., Broquet, G., Canadell, 
J. G., Chevallier, F., Liu, Y. Y., Running, S. W., Sitch, S., and van der Werf, G. R. 
(2014). Contribution of semi-arid ecosystems to interannual variability of the global 
carbon cycle. Nature, 509:600-3. 
Pourmokhtarian, A., Driscoll, C. T., Campbell, J. L., Hayhoe, K., Stoner, A. M. K., Ad-
ams, M. B., Burns, D., Fernandez, I., Mitchell, M. J., and Shanley, J. B. (2017). Mod-
eled ecohydrological responses to climate change at seven small watersheds in the 
northeastern United States. Global Change Biology, 23:840-856. 
Prior, L. D. and Bowman, D. M. J. S. (2014). Big eucalypts grow more slowly in a warm 
climate: Evidence of an interaction between tree size and temperature. Global Change 
Biology, 20:2793-2799. 
Prior, L. D., and Bowman, D. M. J. S. (2014). Big eucalypts grow more slowly in a warm 
climate: Evidence of an interaction between tree size and temperature. Global Change 
Biology, 20:2793-2799. 
Prior, S. A., Runion, G. B., Marble, S. C., Rogers, H. H., Gilliam, C. H., and Torbert, H. 
A. (2011). A Review of Elevated Atmospheric CO2 Effects on Plant Growth and Wa-
ter Relations: Implications for Horticulture. HortScience, 46:158-162. 
Prudhomme, C., Giuntoli, I., Robinson, E. L., Clark, D. B., Arnell, N. W., Dankers, R., 
Fekete, B. M., Franssen, W., Gerten, D., Gosling, S. N., Hagemann, S., Hannah, D. 
M., Kim, H., Masaki, Y., Satoh, Y., Stacke, T., Wada, Y., and Wisser, D. (2014). 
Hydrological droughts in the 21st century, hotspots and uncertainties from a global 
multimodel ensemble experiment. Proceedings of the National Academy of Sciences, 
111:3262-3267. 
Raczka, B. M., Davis, K. J., Huntzinger, D., Neilson, R. P., Poulter, B., Richardson, A. 
D., Xiao, J. F., Baker, I., Ciais, P., Keenan, T. F., Law, B., Post, W. M., Ricciuto, D., 
Schaefer, K., Tian, H. Q., Tomelleri, E., Verbeeck, H., and Viovy, N. (2013). Evalu-
ation of continental carbon cycle simulations with North American flux tower obser-
vations. Ecological Monographs, 83:531-556. 
Raupach, M. R., Haverd, V., and Briggs, P. R. (2013). Sensitivities of the Australian 
terrestrial water and carbon balances to climate change and variability. Agricultural 
and Forest Meteorology, 182:277-291. 
References
 
239 
 
Reich, P. B., Luo, Y., Bradford, J. B., Poorter, H., Perry, C. H., and Oleksyn, J. (2014). 
Temperature drives global patterns in forest biomass distribution in leaves, stems, and 
roots. Proceedings of the National Academy of Sciences, 111:13721-13726. 
Rice, K. J., Matzner, S. L., Byer, W., and Brown, J. R. (2004). Patterns of tree dieback in 
Queensland, Australia: the importance of drought stress and the role of resistance to 
cavitation. Oecologia, 139:190-8. 
Richardson, J. F. and Wiegand, C. L. (1977). Distinguishing vegetation from soil back-
ground information (by gray mapping of Landsat MSS data). Photogrammetric Engi-
neering and Remote Sensing, 43:1541-1552. 
Rodell, M., Houser, P. R., Jambor, U., Gottschalck, J., Mitchell, K., Meng, C. J., Arse-
nault, K., Cosgrove, B., Radakovich, J., Bosilovich, M., Entin, J. K., Walker, J. P., 
Lohmann, D., and Toll, D. (2004). The global land data assimilation system. Bulletin 
of the American Meteorological Society, 85:381-394. 
Ross, T. and Lott, N. (2003). A climatology of 1980-2003 extreme weather and climate 
events. US Department of Commerece, National Ocanic and Atmospheric Admin-
istration, National Environmental Satellite Data and Information Service, National 
Climatic Data Center. 
Running, S. W. (2008). Climate change. Ecosystem disturbance, carbon, and climate. Sci-
ence, 321:652-3. 
Ruprecht, J. K. and Schofield, N. J. (1989). Analysis of Streamflow Generation Follow-
ing Deforestation in Southwest Western-Australia. Journal of Hydrology, 105:1-17. 
Ruprecht, J. K. and Schofield, N. J. (1991a). Effects of partial deforestation on hydrology 
and salinity in high salt storage landscapes. I. Extensive block clearing. Journal of 
Hydrology, 129:19-38. 
Ruprecht, J. K. and Schofield, N. J. (1991b). Effects of partial deforestation on hydrology 
and salinity in high salt storage landscapes. II. Strip, soils and parkland clearing. Jour-
nal of Hydrology, 129:39-55. 
Ruprecht, J. K., Schofield, N. J., Crombie, D. S., Vertessy, R. A., and Stoneman, G. L. 
(1991). Early Hydrological Response to Intense Forest Thinning in Southwestern 
Australia. Journal of Hydrology, 127:261-277. 
References
 
240 
 
Ruthrof, K. X., Matusick, G., and Hardy, G. E. S. (2015). Early Differential Responses 
of Co-dominant Canopy Species to Sudden and Severe Drought in a Mediterranean-
climate Type Forest. Forests, 6:2082-2091. 
Saft, M., Peel, M. C., Western, A. W., and Zhang, L. (2016). Predicting shifts in rainfall-
runoff partitioning during multiyear drought: Roles of dry period and catchment char-
acteristics. Water Resources Research, 52:9290-9305. 
Sahin, V., Hall, M.J., (1996). The effects of afforestation and deforestation on water 
yields. Journal of Hydrology, 178: 293-309. 
Salazar, O., Hansen, S., Abrahamsen, P., Hansen, K., and Gundersen, P. (2013). Changes 
in soil water balance following afforestation of former arable soils in Denmark as 
evaluated using the DAISY model. Journal of Hydrology, 484:128-139. 
Saleska, S. R., Didan, K., Huete, A. R., and da Rocha, H. R. (2007). Amazon forests 
green-up during 2005 drought. Science, 318:612. 
Samanta, A., Ganguly, S., Hashimoto, H., Devadiga, S., Vermote, E., Knyazikhin, Y., 
Nemani, R. R., and Myneni, R. B. (2010). Amazon forests did not green-up during 
the 2005 drought. Geophysical Research Letters, 37:L05401. 
Sanchez-Costa, E., Poyatos, R., and Sabate, S. (2015). Contrasting growth and water use 
strategies in four co-occurring Mediterranean tree species revealed by concurrent 
measurements of sap flow and stem diameter variations. Agricultural and Forest Me-
teorology, 207:24-37. 
Sawada, Y., and Koike, T. (2016). Ecosystem resilience to the Millennium drought in 
southeast Australia (2001-2009). Journal of Geophysical Research-Biogeosciences, 
121:2312-2327. 
Saxe, H., Cannell, M. G. R., Johnsen, o., Ryan, M. G., and Vourlitis, G. (2002). Tree and 
forest functioning in response to global warming. New Phytologist, 149:369-399. 
Schlesinger, W. H. and Jasechko, S. (2014). Transpiration in the global water cycle. Ag-
ricultural and Forest Meteorology, 189:115-117. 
Schmidt, M., Lucas, R., Bunting, P., Verbesselt, J., and Armston, J. (2015). Multi-reso-
lution time series imagery for forest disturbance and regrowth monitoring in Queens-
land, Australia. Remote Sensing of Environment, 158:156-168. 
References
 
241 
 
Scott, R. L., Huxman, T. E., Williams, D. G., and Goodrich, D. C. (2006). Ecohydrolog-
ical impacts of woody-plant encroachment: seasonal patterns of water and carbon di-
oxide exchange within a semiarid riparian environment. Global Change Biology, 
12:311-324. 
Shao, Q. X., Traylen, A., and Zhang, L. (2012). Nonparametric method for estimating the 
effects of climatic and catchment characteristics on mean annual evapotranspira-
tion. Water Resources Research, 48. 
Sheffield, J., Wood, E. F., and Roderick, M. L. (2012). Little change in global drought 
over the past 60 years. Nature, 491:435-8. 
Silberstein, R. P., Aryal, S. K., Durrant, J., Pearcey, M., Braccia, M., Charles, S. P., Bon-
iecka, L., Hodgson, G. A., Bari, M. A., Viney, N. R., and McFarlane, D. J. (2012). 
Climate change and runoff in south-western Australia. Journal of Hydrology, 
475:441-455. 
Silberstein, R. P., Dawes, W. R., Bastow, T. P., Byrne, J., and Smart, N. F. (2013). Eval-
uation of changes in post-fire recharge under native woodland using hydrological 
measurements, modelling and remote sensing. Journal of Hydrology, 489:1-15. 
Silva, L. C., Anand, M., and Leithead, M. D. (2010). Recent widespread tree growth de-
cline despite increasing atmospheric CO2. PLOS ONE, 5:e11543. 
Sjostrom, M., Zhao, M., Archibald, S., Arneth, A., Cappelaere, B., Falk, U., de Grand-
court, A., Hanan, N., Kergoat, L., Kutsch, W., Merbold, L., Mougin, E., Nickless, A., 
Nouvellon, Y., Scholes, R. J., Veenendaal, E. M., and Ardo, J. (2013). Evaluation of 
MODIS gross primary productivity for Africa using eddy covariance data. Remote 
Sensing of Environment, 131:275-286. 
Skubel, R., Arain, M. A., Peichl, M., Brodeur, J. J., Khomik, M., Thorne, R., Trant, J., 
and Kula, M. (2015). Age effects on the water-use efficiency and water-use dynamics 
of temperate pine plantation forests. Hydrological Processes, 29:4100-4113. 
Skurray, J. H., Roberts, E. J., and Pannell, D. J. (2012). Hydrological challenges to 
groundwater trading: Lessons from south-west Western Australia. Journal of Hydrol-
ogy, 412:256-268. 
References
 
242 
 
Slevin, D., Tett, S. F. B., Exbrayat, J. F., Bloom, A. A., and Williams, M. (2017). Global 
evaluation of gross primary productivity in the JULES land surface model v3.4.1. Ge-
oscientific Model Development, 10:2651-2670. 
Smettem, K. and Callow, N. (2014). Impact of Forest Cover and Aridity on the Interplay 
between Effective Rooting Depth and Annual Runoff in South-West Western Aus-
tralia. Water, 6:2539-2551. 
Smettem, K. R. J., Waring, R. H., Callow, J. N., Wilson, M., and Mu, Q. (2013). Satellite-
derived estimates of forest leaf area index in southwest Western Australia are not 
tightly coupled to interannual variations in rainfall: Implications for groundwater de-
cline in a drying climate. Global Change Biology, 19:2401-2412. 
Smith, I. and Power, S. (2014). Past and future changes to inflows into Perth (Western 
Australia) dams. Journal of Hydrology: Regional Studies, 2:84-96. 
Sohn, J. A., Saha, S., and Bauhus, J. (2016). Potential of forest thinning to mitigate 
drought stress: A meta-analysis. Forest Ecology and Management, 380:261-273. 
Solomon, S. (2007). Climate change 2007-the physical science basis: Working group I 
contribution to the fourth assessment report of the IPCC, volume 4. Cambridge Uni-
versity Press. 
State of the Climate 2014: Bureau of Meteorology. [online] Available at: 
http://www.bom.gov.au/state-of-the-climate/2014/ [Accessed 23 Sep. 2017]. 
State of the Climate 2016: Bureau of Meteorology. [online] Available at: 
http://www.bom.gov.au/state-of-the-climate/ [Accessed 23 Sep. 2017]. 
Stoneman, G. L. (1993). Hydrological Response to Thinning a Small Jarrah (Eucalyptus-
Marginata) Forest Catchment. Journal of Hydrology, 150:393-407. 
Stoy, P. C., Katul, G. G., Siqueira, M. B. S., Juang, J. Y., Novick, K. A., Uebelherr, J. M., 
and Oren, R. (2006). An evaluation of models for partitioning eddy covariance-meas-
ured net ecosystem exchange into photosynthesis and respiration. Agricultural and 
Forest Meteorology, 141:2-18. 
Sun, G., Alstad, K., Chen, J. Q., Chen, S. P., Ford, C. R., Lin, G. H., Liu, C. F., Lu, N., 
McNulty, S. G., Miao, H. X., Noormets, A., Vose, J. M., Wilske, B., Zeppel, M., 
References
 
243 
 
Zhang, Y., and Zhang, Z. Q. (2011a). A general predictive model for estimating 
monthly ecosystem evapotranspiration. Ecohydrology, 4:245-255. 
Sun, G., Caldwell, P., Noormets, A., McNulty, S. G., Cohen, E., Myers, J. M., Domec, J. 
C., Treasure, E., Mu, Q. Z., Xiao, J. F., John, R., and Chen, J. Q. (2011b). Upscaling 
key ecosystem functions across the conterminous United States by a water-centric 
ecosystem model. Journal of Geophysical Research-Biogeosciences, 116:G00J05. 
Sun, S., Sun, G., Caldwell, P., McNulty, S. G., Cohen, E., Xiao, J., and Zhang, Y. (2015b). 
Drought impacts on ecosystem functions of the U.S. National Forests and Grasslands: 
Part I evaluation of a water and carbon balance model. Forest Ecology and Manage-
ment, 353:260- 268. 
Sun, S., Sun, G., Caldwell, P., McNulty, S., Cohen, E., Xiao, J., and Zhang, Y. (2015a). 
Drought impacts on ecosystem functions of the U.S. National Forests and Grasslands: 
Part II assessment results and management implications. Forest Ecology and Man-
agement, 353:269-279. 
Tan, Z. H., Zhang, Y. P., Deng, X. B., Song, Q. H., Liu, W. J., Deng, Y., Tang, J. W., 
Liao, Z. Y., Zhao, J. F., Song, L., and Yang, L. Y. (2015). Interannual and seasonal 
variability of water use efficiency in a tropical rainforest: Results from a 9 year eddy 
flux time series. Journal of Geophysical Research-Atmospheres, 120:464-479. 
Tang, L. H., Yang, D. W., Hu, H. P., and Gao, B. (2011). Detecting the effect of land-use 
change on streamflow, sediment and nutrient losses by distributed hydrological sim-
ulation. Journal of Hydrology, 409:172-182. 
Tang, Y. and Wang, D. B. (2017). Evaluating the role of watershed properties in long-
term water balance through a Budyko equation based on two-stage partitioning of 
precipitation. Water Resources Research, 53:4142-4157. 
Tarnavsky, E., Garrigues, S., and Brown, M. E. (2008). Multiscale geostatistical analysis 
of AVHRR, SPOT-VGT, and MODIS global NDVI products. Remote Sensing of En-
vironment, 112:535-549. 
Taschetto, A. S. and England, M. H. (2009a). An analysis of late twentieth century trends 
in Australian rainfall. International Journal of Climatology, 29:791-807. 
Taschetto, A. S. and England, M. H. (2009b). El Nino Modoki Impacts on Australian 
Rainfall. Journal of Climate, 22:3167-3174. 
References
 
244 
 
Taylor, G. T., Muller-Karger, F. E., Thunell, R. C., Scranton, M. I., Astor, Y., Varela, R., 
Ghinaglia, L. T., Lorenzoni, L., Fanning, K. A., Hameed, S., and Doherty, O. (2012). 
Ecosystem responses in the southern Caribbean Sea to global climate change. Pro-
ceedings of the National Academy of Sciences, 109:19315-19320. 
Teng, J., Chew, F. H. S., Vaze, J., Marvanek, S., and Kirono, D. G. C. (2012a). Estimation 
of Climate Change Impact on Mean Annual Runoff across Continental Australia Us-
ing Budyko and Fu Equations and Hydrological Models. Journal of Hydrometeorol-
ogy, 13:1094-1106. 
Teng, J., Vaze, J., Chiew, F. H. S., Wang, B., and Perraud, J. M. (2012b). Estimating the 
Relative Uncertainties Sourced from GCMs and Hydrological Models in Modeling 
Climate Change Impact on Runoff. Journal of Hydrometeorology, 13:122-139. 
Tesemma, Z. K., Wei, Y., Peel, M. C., and Western, A. W. (2015). Including the dynamic 
relationship between climatic variables and leaf area index in a hydrological model to 
improve streamflow prediction under a changing climate. Hydrology and Earth Sys-
tem Sciences, 19:2821-2836. 
Thornthwaite, C. W. (1948). An Approach toward a Rational Classification of Climate. 
Geographical review, 38:55-94. 
Trahan, M. W. and Schubert, B. A. (2016). Temperature-induced water stress in high-
latitude forests in response to natural and anthropogenic warming. Global Change Bi-
ology, 22:782- 791. 
Trenberth, K. E., Dai, A., van der Schrier, G., Jones, P. D., Barichivich, J., Briffa, K. R., 
and Sheffield, J. (2013). Global warming and changes in drought. Nature Climate 
Change, 4:17-22. 
Trudinger, C. M., Haverd, V., Briggs, P. R., and Canadell, J. G. (2016). Interannual var-
iability in Australia’s terrestrial carbon cycle constrained by multiple observation 
types. Biogeosciences, 13:6363-6383. 
Trzaska, S. and Schnarr, E. (2014). A review of downscaling methods for climate change 
projections. United States Agency for International Development by Tetra Tech ARD, 
pp.1-42. 
 
References
 
245 
 
Tucker, C. J., Slayback, D. A., Pinzon, J. E., Los, S. O., Myneni, R. B., and Taylor, M. 
G. (2001). Higher northern latitude normalized difference vegetation index and grow-
ing season trends from 1982 to 1999. International Journal of Biometeorology, 
45:184-190. 
Turnbull, L., Wainwright, J., and Brazier, R. E. (2008). A conceptual framework for un-
derstanding semi-arid land degradation: ecohydrological interactions across multiple-
space and time scales. Ecohydrology, 1:23-34. 
Ummenhofer, C. C., England, M. H., McIntosh, P. C., Meyers, G. A., Pook, M. J., Risbey, 
J. S., Gupta, A. S., and Taschetto, A. S. (2009). What causes southeast Australia’s 
worst droughts? Geophysical Research Letters, 36:L04706. 
Van de Wiel, M. and Di Bucchianico, A. (2001). Fast computation of the exact null dis-
tribution of Spearman’s ρ and Page’s L statistic for samples with and without 
ties. Journal of statistical planning and inference, 92:133-145. 
van der Sleen, P., Groenendijk, P., Vlam, M., Anten, N. P. R., Boom, A., Bongers, F., 
Pons, T. L., Terburg, G., and Zuidema, P. A. (2014). No growth stimulation of tropical 
trees by 150 years of CO2 fertilization but water-use efficiency increased. Nature Ge-
oscience, 8:24-28. 
van Dijk, A. I. J. M., Beck, H. E., Crosbie, R. S., de Jeu, R. A. M., Liu, Y. Y., Podger, G. 
M., Timbal, B., and Viney, N. R. (2013). The Millennium Drought in southeast Aus-
tralia (2001-2009): Natural and human causes and implications for water resources, 
ecosystems, economy, and society. Water Resources Research, 49:1040-1057. 
van Dijk, A. I. J. M., Peña-Arancibia, J. L., and Bruijnzeel, L. A. (2012). Land cover and 
water yield: inference problems when comparing catchments with mixed land cover. 
Hydrology and Earth System Sciences, 16:3461-3473. 
van Roosmalen, L., Sonnenborg, T. O., and Jensen, K. H. (2009). Impact of climate and 
land use change on the hydrology of a large-scale agricultural catchment. Water Re-
sources Research, 45:W00A15. 
van Vliet, M. T. H., Franssen, W. H. P., Yearsley, J. R., Ludwig, F., Haddeland, I., Let-
tenmaier, D. P., and Kabat, P. (2013). Global river discharge and water temperature 
under climate change. Global Environmental Change, 23:450-464. 
References
 
246 
 
Vicente-Serrano, S. M., Begueria, S., and Lopez-Moreno, J. I. (2010). A Multiscalar 
Drought Index Sensitive to Global Warming: The Standardized Precipitation Evapo-
transpiration Index. Journal of Climate, 23:1696-1718. 
Vicente-Serrano, S. M., Cabello, D., Tomas-Burguera, M., Martin-Hernandez, N., 
Begueria, S., Azorin-Molina, C., and El Kenawy, A. (2015a). Drought Variability and 
Land Degradation in Semiarid Regions: Assessment Using Remote Sensing Data and 
Drought Indices (1982-2011). Remote Sensing, 7:4391-4423. 
Vicente-Serrano, S. M., Camarero, J. J., Zabalza, J., Sanguesa-Barreda, G., Lopez-
Moreno, J. I., and Tague, C. L. (2015b). Evapotranspiration deficit controls net pri-
mary production and growth of silver fir: Implications for Circum-Mediterranean for-
ests under forecasted warmer and drier conditions. Agricultural and Forest Meteor-
ology, 206:45-54. 
Vicente-Serrano, S. M., Gouveia, C., Camarero, J. J., Begueria, S., Trigo, R., Lopez-
Moreno, J. I., Azorin-Molina, C., Pasho, E., Lorenzo-Lacruz, J., Revuelto, J., Moran-
Tejeda, E., and Sanchez-Lorenzo, A. (2013). Response of vegetation to drought time-
scales across global land biomes. Proceedings of the National Academy of Sciences, 
110:52-57. 
Vicente-Serrano, S. M., Lopez-Moreno, J. I., Begueria, S., Lorenzo-Lacruz, J., Sanchez-
Lorenzo, A., Garcia-Ruiz, J. M., Azorin-Molina, C., Moran-Tejeda, E., Revuelto, J., 
Trigo, R., Coelho, F., and Espejo, F. (2014). Evidence of increasing drought severity 
caused by temperature rise in southern Europe. Environmental Research Letters, 
9:044001. 
Vicente-Serrano, S. M., Lopez-Moreno, J. I., Gimeno, L., Nieto, R., Moran-Tejeda, E., 
Lorenzo-Lacruz, J., Begueria, S., and Azorin-Molina, C. (2011). A multiscalar global 
evaluation of the impact of ENSO on droughts. Journal of Geophysical Research-
Atmospheres, 116. 
Vorosmarty, C. J., Green, P., Salisbury, J., and Lammers, R. B. (2000). Global water 
resources: vulnerability from climate change and population growth. Science, 
289:284-8. 
References
 
247 
 
Vose, J. M., Miniat, C. F., Luce, C. H., Asbjornsen, H., Caldwell, P. V., Campbell, J. L., 
Grant, G. E., Isaak, D. J., Loheide, S. P., and Sun, G. (2016). Ecohydrological impli-
cations of drought for forests in the United States. Forest Ecology and Management, 
380:335-345. 
Wagner, W., Lemoine, G., and Rott, H. (1999). A method for estimating soil moisture 
from ERS scatterometer and soil data. Remote Sensing of Environment, 70:191-207. 
Walther, G. R., Post, E., Convey, P., Menzel, A., Parmesan, C., Beebee, T. J., Fromentin, 
J. M., Hoegh-Guldberg, O., and Bairlein, F. (2002). Ecological responses to recent 
climate change. Nature, 416:389-95. 
Warren, J. M., Norby, R. J., Wullschleger, S. D., and Oren, R. (2011). Elevated CO2 
enhances leaf senescence during extreme drought in a temperate forest. Tree Physiol-
ogy, 31:117-130. 
Wei, X. H., Liu, W. F., and Zhou, P. C. (2013). Quantifying the Relative Contributions 
of Forest Change and Climatic Variability to Hydrology in Large Watersheds: A Crit-
ical Review of Research Methods. Water, 5:728-746. 
White, D. A., Crombie, D. S., Kinal, J., Battaglia, M., McGrath, J. F., Mendharn, D. S., 
and Walker, S. N. (2009). Managing productivity and drought risk in Eucalyptus glob-
ulus plantations in south-western Australia. Forest Ecology and Management, 
259:33-44. 
Wolf, S., Eugster, W., Ammann, C., Hani, M., Zielis, S., Hiller, R., Stieger, J., Imer, D., 
Merbold, L., and Buchmann, N. (2013). Contrasting response of grassland versus for-
est carbon and water fluxes to spring drought in Switzerland. Environmental Research 
Letters, 8:035007. 
Wolock, D. M. (1995). Effects of Subbasin Size on Topographic Characteristics and Sim-
ulated Flow Paths in Sleepers River Watershed, Vermont. Water Resources Research, 
31:1989-1997. 
Wood, E. F., Roundy, J. K., Troy, T. J., van Beek, L. P. H., Bierkens, M. F. P., Blyth, E., 
de Roo, A., Doll, P., Ek, M., Famiglietti, J., Gochis, D., van de Giesen, N., Houser, 
P., Jaffe, P. R., Kollet, S., Lehner, B., Lettenmaier, D. P., Peters-Lidard, C., Sivapalan, 
M., Sheffield, J., Wade, A., and Whitehead, P. (2011). Hyperresolution global land 
References
 
248 
 
surface modeling: Meeting a grand challenge for monitoring Earth’s terrestrial wa-
ter. Water Resources Research, 47:W05301. 
Wood, E. F., Sivapalan, M., Beven, K., and Band, L. (1988). Effects of Spatial Variability 
and Scale with Implications to Hydrologic Modeling. Journal of Hydrology, 102:29-
47. 
Wu, D., Zhao, X., Liang, S., Zhou, T., Huang, K., Tang, B., and Zhao, W. (2015). Time-
lag effects of global vegetation responses to climate change. Global Change Biology, 
21:3520-3531. 
Xiao, J. F., Chen, J. Q., Davis, K. J., and Reichstein, M. (2012). Advances in upscaling 
of eddy covariance measurements of carbon and water fluxes. Journal of Geophysical 
Research-Biogeosciences, 117:G00J01. 
Xiao, J. F., Davis, K. J., Urban, N. M., and Keller, K. (2014). Uncertainty in model pa-
rameters and regional carbon fluxes: A model-data fusion approach. Agricultural and 
Forest Meteorology, 189:175-186. 
Xiao, J. F., Davis, K. J., Urban, N. M., Keller, K., and Saliendra, N. Z. (2011). Upscaling 
carbon fluxes from towers to the regional scale: Influence of parameter variability and 
land cover representation on regional flux estimates. Journal of Geophysical Re-
search-Biogeosciences, 116:G00J06. 
Xiao, J. F., Sun, G., Chen, J. Q., Chen, H., Chen, S. P., Dong, G., Gao, S. H., Guo, H. Q., 
Guo, J. X., Han, S. J., Kato, T., Li, Y. L., Lin, G. H., Lu, W. Z., Ma, M. G., McNulty, 
S., Shao, C. L., Wang, X. F., Xie, X., Zhang, X. D., Zhang, Z. Q., Zhao, B., Zhou, G. 
S., and Zhou, J. (2013). Carbon fluxes, evapotranspiration, and water use efficiency 
of terrestrial ecosystems in China. Agricultural and Forest Meteorology, 182:76-90. 
Xiao, Z., Liang, S., Wang, J., Chen, P., Yin, X., Zhang, L., and Song, J. (2014). Use of 
general regression neural networks for generating the GLASS leaf area index product 
from time-series MODIS surface reflectance. IEEE Transactions on Geoscience and 
Remote Sensing, 52:209-223. 
Xie, J., Chen, J. Q., Sun, G., Zha, T. S., Yang, B., Chu, H. S., Liu, J. G., Wan, S. Q., Zhou, 
C. X., Ma, H., Bourque, C. P. A., Shao, C. L., John, R., and Ouyang, Z. T. (2016a). 
Ten-year variability in ecosystem water use efficiency in an oak-dominated temperate 
forest under a warming climate. Agricultural and Forest Meteorology, 218:209-217. 
References
 
249 
 
Xie, J., Zha, T. S., Zhou, C. X., Jia, X., Yu, H. Q., Yang, B., Chen, J. Q., Zhang, F., Wang, 
B., Bourqueg, C. P. A., Sun, G., Ma, H., Liu, H., and Peltolad, H. (2016b). Seasonal 
variation in ecosystem water use efficiency in an urban-forest reserve affected by pe-
riodic drought. Agricultural and Forest Meteorology, 221:142-151. 
Xie, Z. Y., Huete, A., Restrepo-Coupe, N., Ma, X. L., Devadas, R., and Caprarelli, G. 
(2016). Spatial partitioning and temporal evolution of Australia’s total water storage 
under extreme hydroclimatic impacts. Remote Sensing of Environment, 183:43-52. 
Xu, L. A., Samanta, A., Costa, M. H., Ganguly, S., Nemani, R. R., and Myneni, R. B. 
(2011). Widespread decline in greenness of Amazonian vegetation due to the 2010 
drought. Geophysical Research Letters, 38:L07402. 
Yan, J., Zhang, D., Liu, J., and Zhou, G. (2014). Interactions between CO2 enhancement 
and N addition on net primary productivity and water-use efficiency in a mesocosm 
with multiple subtropical tree species. Global Change Biology, 20:2230-2239. 
Yang, B. A. I., Pallardy, S. G., Meyers, T. P., Gu, L.-H., Hanson, P. J., Wullschleger, S. 
D., Heuer, M., Hosman, K. P., Riggs, J. S., and Sluss, D. W. (2009). Environmental 
controls on water use efficiency during severe drought in an Ozark Forest in Missouri, 
USA. Global Change Biology, 16:2252-2271. 
Yang, D. W., Shao, W. W., Yeh, P. J. F., Yang, H. B., Kanae, S., and Oki, T. (2009). 
Impact of vegetation coverage on regional water balance in the nonhumid regions of 
China. Water Resources Research, 45:W00A14. 
Yang, Y., Guan, H., Batelaan, O., McVicar, T. R., Long, D., Piao, S., Liang, W., Liu, B., 
Jin, Z., and Simmons, C. T. (2016). Contrasting responses of water use efficiency to 
drought across global terrestrial ecosystems. Scientific Reports, 6:23284. 
Yao, Y. Y., Liang, S. L., Li, X. L., Chen, J. Q., Liu, S. M., Jia, K., Zhang, X. T., Xiao, Z. 
Q., Fisher, J. B., Mu, Q. Z., Pan, M., Liu, M., Cheng, J., Jiang, B., Xie, X. H., Grun-
wald, T., Bernhofer, C., and Roupsard, O. (2017). Improving global terrestrial evap-
otranspiration estimation using support vector machine by integrating three process-
based algorithms. Agricultural and Forest Meteorology, 242:55-74. 
Yu, G. R., Zhang, L. M., Sun, X. M., Fu, Y. L., Wen, X. F., Wang, Q. F., Li, S. G., Ren, 
C. Y., Song, X., Liu, Y. F., Han, S. J., and Yan, J. H. (2008). Environmental controls 
References
 
250 
 
over carbon exchange of three forest ecosystems in eastern China. Global Change 
Biology, 14:2555-2571. 
Yu, G. R., Zhu, X. J., Fu, Y. L., He, H. L., Wang, Q. F., Wen, X. F., Li, X. R., Zhang, L. 
M., Zhang, L., Su, W., Li, S. G., Sun, X. M., Zhang, Y. P., Zhang, J. H., Yan, J. H., 
Wang, H. M., Zhou, G. S., Jia, B. R., Xiang, W. H., Li, Y. N., Zhao, L., Wang, Y. F., 
Shi, P. L., Chen, S. P., Xin, X. P., Zhao, F. H., Wang, Y. Y., and Tong, C. L. (2013). 
Spatial patterns and climate drivers of carbon fluxes in terrestrial ecosystems of China. 
Global Change Biology, 19:798-810. 
Yu, G., Song, X., Wang, Q., Liu, Y., Guan, D., Yan, J., Sun, X., Zhang, L., and Wen, X. 
(2008). Water-use efficiency of forest ecosystems in eastern China and its relations to 
climatic variables. New Phytologist, 177:927-937. 
Yu, Z., Sun, P., Liu, S., Wang, J., and Everman, A. (2013). Sensitivity of large-scale 
vegetation greenup and dormancy dates to climate change in the north-south transect 
of eastern China. International Journal of Remote Sensing, 34:7312-7328. 
Yuan, H., Dai, Y. J., Xiao, Z. Q., Ji, D. Y., and Shangguan, W. (2011). Reprocessing the 
MODIS Leaf Area Index products for land surface and climate modelling. Remote 
Sensing of Environment, 115:1171-1187. 
Zelazowski, P., Malhi, Y., Huntingford, C., Sitch, S., and Fisher, J. B. (2011). Changes 
in the potential distribution of humid tropical forests on a warmer planet. Philosoph-
ical Transactions of the Royal Society A: Mathematical, Physical and Engineering 
Sciences, 369:137-160. 
Zhang, A., Li, T. J., Si, Y., Liu, R. H., Shi, H. Y., Li, X., Li, J. Y., and Wu, X. (2016). 
Double-layer parallelization for hydrological model calibration on HPC sys-
tems. Journal of Hydrology, 535:737-747. 
Zhang, L., Brutsaert, W., Crosbie, R., and Potter, N. (2014). Long-term annual ground-
water storage trends in Australian catchments. Advances in Water Resources, 74:156-
165. 
Zhang, L., Potter, N., Hickel, K., Zhang, Y. Q., and Shao, Q. X. (2008). Water balance 
modeling over variable time scales based on the Budyko framework - Model devel-
opment and testing. Journal of Hydrology, 360:117-131. 
References
 
251 
 
Zhang, L., Zhao, F. F., and Brown, A. E. (2012). Predicting effects of plantation expan-
sion on streamflow regime for catchments in Australia. Hydrology and Earth System 
Sciences, 16:2109-2121. 
Zhang, L., Zhao, F. F., Chen, Y., and Dixon, R. N. M. (2011). Estimating effects of plan-
tation expansion and climate variability on streamflow for catchments in Aus-
tralia. Water Resources Research, 47. 
Zhang, M. F., Liu, N., Harper, R., Li, Q., Liu, K., Wei, X. H., Ning, D. Y., Hou, Y. P., 
and Liu, S. R. (2017). A global review on hydrological responses to forest change 
across multiple spatial scales: Importance of scale, climate, forest type and hydrolog-
ical regime. Journal of Hydrology, 546:44-59. 
Zhang, S. L., Yang, H. B., Yang, D. W., and Jayawardena, A. W. (2016). Quantifying the 
effect of vegetation change on the regional water balance within the Budyko frame-
work. Geophysical Research Letters, 43:1140-1148. 
Zhang, X. S., Amirthanathan, G. E., Bari, M. A., Laugesen, R. M., Shin, D., Kent, D. M., 
MacDonald, A. M., Turner, M. E., and Tuteja, N. K. (2016). How streamflow has 
changed across Australia since the 1950s: evidence from the network of hydrologic 
reference stations. Hydrology and Earth System Sciences, 20:3947-3965. 
Zhang, Y. L., Song, C. H., Sun, G., Band, L. E., McNulty, S., Noormets, A., Zhang, Q. 
F., and Zhang, Z. Q. (2016). Development of a coupled carbon and water model for 
estimating global gross primary productivity and evapotranspiration based on eddy 
flux and remote sensing data. Agricultural and Forest Meteorology, 223:116-131. 
Zhang, Y., and Liang, S. (2014). Changes in forest biomass and linkage to climate and 
forest disturbances over Northeastern China. Global Change Biology, 20:2596-2606. 
Zhang, Z., Jiang, H., Liu, J. X., Zhou, G. M., Liu, S. R., and Zhang, X. Y. (2012). As-
sessment on water use efficiency under climate change and heterogeneous carbon di-
oxide in China terrestrial ecosystems. 18th Biennial ISEM Conference on Ecological 
Modelling for Global Change and Coupled Human and Natural System, 13:2031-
2044. 
Zhao, F. F., Zhang, L., Xu, Z. X., and Scott, D. F. (2010). Evaluation of methods for 
estimating the effects of vegetation change and climate variability on streamflow. Wa-
ter Resources Research, 46. 
References
 
252 
 
Zhao, G. J., Tian, P., Mu, X. M., Jiao, J. Y., Wang, F., and Gao, P. (2014). Quantifying 
the impact of climate variability and human activities on streamflow in the middle 
reaches of the Yellow River basin, China. Journal of Hydrology, 519:387-398. 
Zhao, M. and Running, S. W. (2010). Drought-induced reduction in global terrestrial net 
primary production from 2000 through 2009. Science, 329:940-943. 
Zhao, M. S., Heinsch, F. A., Nemani, R. R., and Running, S. W. (2005). Improvements 
of the MODIS terrestrial gross and net primary production global data set. Remote 
Sensing of Environment, 95:164-176. 
Zhou, G., Wei, X., Chen, X., Zhou, P., Liu, X., Xiao, Y., Sun, G., Scott, D. F., Zhou, S., 
Han, L., and Su, Y. (2015). Global pattern for the effect of climate and land cover on 
water yield. Nature Communications, 6:5918. 
Zhou, X. Y., Bi, S. J., Yang, Y. H., Tian, F., and Ren, D. D. (2014). Comparison of ET 
estimations by the three-temperature model, SEBAL model and eddy covariance ob-
servations. Journal of Hydrology, 519:769-776. 
Zou, X. K., Zhai, P. M., and Zhang, Q. (2005). Variations in droughts over China: 1951-
2003. Geophysical Research Letters, 32. 
Zscheischler, J., Michalak, A. M., Schwalm, C., Mahecha, M. D., Huntzinger, D. N., 
Reichstein, M., Berthier, G., Ciais, P., Cook, R. B., El-Masri, B., Huang, M. Y., Ito, 
A., Jain, A., King, A., Lei, H. M., Lu, C. Q., Mao, J. F., Peng, S. S., Poulter, B., 
Ricciuto, D., Shi, X. Y., Tao, B., Tian, H. Q., Viovy, N., Wang, W. L., Wei, Y. X., 
Yang, J., and Zeng, N. (2014). Impact of large-scale climate extremes on biospheric 
carbon fluxes: An intercomparison based on MsTMIP data. Global Biogeochemical 
Cycles, 28:585-600. 
 
